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Time Series Characterisation Schemes for the Modified Probabilistic 
Neural Network 
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1 

A briefreview of the basic Modified Probabilistic Neural Network algorithm is presented followed by two new 
extensions for applications to time series analysis, especially to nonlinear signal filtering. Both methods rely 
on a systematic selection of radial basis centres based on quantised time series waveform characterisation 
schemes. The methods are similar to Specht's General Regression Neural Network and the method proposed 
by Moody and Darken. The main differences are that the new methods offer very simple and systematic 
network reduction mechanisms and very fast training times without the need for complex computations. These 
makes them very suitable for hardware implementation using present and foreseeable technology. 

Introduction and scope 

The Modified Probabilistic Neural Network 
(MPNN) was first introduced by Zaknich et al in 
1991 [I] in the same month as Specht introduced 
his General Regression Neural Network (GRNN) 
[2]. Both these networks, MPNN/GRNN, are 
closely related to Specht's Probabilistic Neural 
Network (PNN) [3] classifier. The method of the 
basic MPNN/GRNN has similarities with the 
method of Moody and Darken [4,5]; the method of 
Radial Basis Functions (RBF) [ 6, 7]; the Cerebellar 
Model Arithmetic Computer (CMAC) [8]; the 
Parallel Probabilistic Neural Network (PNNN) [9]; 
the feed forward Bayesian Neural Network (BNN) 
[10]; and a number of other non parametric kernel 
based regression techniques [10] ·stemming from 
the work ofNadaraya [12] and Watson [13]. 

This paper begins with a review of the basic 
MPNN/GRNN followed by the development of a 
filtering signal model and waveform 
characterisation scheme which l ~ a d s  to the 
development of two extensions for the MPNN, 
named Methods A and B. Method A represents an 
efficient network design approach based on the 
characterisation of· the desired waveform. 
Although it produces very efficient solutions it can 
be subject to error, in some special cases, so it 
needs to be applied with caution. Method B is a 
quantised version of the GRNN which results in a 
less efficient but robust and finite network design. 
A typical nonlinear filtering exan1ple is also 
investigated to show the utility of the two proposed 
methods and comparisons are made with the 
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Backpropagation Neural Network, linear and 
quadratic filters. A sequence of recommended 
design steps related to the MPNN methods are 
introduced to guide the designer. This is followed 
by a general comparison of the MPNN methods 
with other comparable methods as listed above. 

The MPNN Methods A and B are offered as 
practical and very efficient design tools for the 
solution of general nonlinear signal filtering and 
time series analysis problems. 

MPNN/GRNN Review 

The MPNN and the GRNN are general regression 
or function mapping algorithms which can be 
implemented as three layer feed forward neural 
networks. They can be trained very easily and 
quickly and as such they can be very useful for 
general nonlinear signal processing applications. 
The general equation which is fundamental to both 
these algorithms as well as the Moody and Darken 
method is equation (1) as follows. 

(1) 

where: 
x is an arbitrary input vector. 
xi is an input training vector. 
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Yi 
/j( .) 

NS 

is the single learning or smoothing 
parameter chosen during network 
training. 
is the .output related to Xi . 
is a Parzen radial basis function which 
models the pelf of the local input vector 
space noise. 
total number of training pairs. 

If the Yi are allowed to be individual real · valued 
scalars equation (1) becomes exactly Specht's 
GRNN which incorporates each and every one of 
the NS training vector pairs {xi -> Yi} into its 
architecture. 

Although, the GRNN works very well it introduces 
a heavy computational load for large training sets. 
The general rvtPNN given in equation (2) 
incorporates a reduced number of M vector pairs 
{ centxi -> Yi} for the same number of NS training 
pairs. 

where: 
centxi is the centre or mean vector for class i 

in the input space (real valued or 
quanti sed). 

Yi is the output related to centxi (real 
valued or quantised). 

M is the number of unique centres i in the 
MPNN structure. 

Zi is the number of input training vectors 
Xj associated with centxi. 
M 

NS = L Zi, total number of training pairs. 
i = 1 

Both equations ( 1) and (2) show a single 
dimensional output y(x) but they can be extended 
for higher output dimensions by simply developing 
similar equations for each dimension. 

A common Radial Basis Function (RBF), Ji(.), is 
the spherical Gaussian, basis 1, as follows: 

( ) 
{ -(x-centx;((x-centx;)\ (3) 

/; x .. expl 2if J 

Another useful RBF, basis 2, is: 
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(4) 

p 

where lx- centx;j"" ~~xk- centx(i)kl' for vector 
k-1 

element index k. 

There are many other Parzen RBFs which can also 
be used [3]. Equation (2) can be derived from the 
GRNN equation ( 1) through the following 
approximation: 

z. 
ZJ;((x- centx;),a).., ~ /;((x- xi ),a) 

J-1 
(5) 

This is a reasonable approximation, if the x· 
vectors are close together in a relatively small loc~ 
space and can be adequately represented by a 
single centre vector centxi. Given a training data 
set and an independent testing data set both 
equations (1) and (2) are trained or optimised by 
the selection of a single smoothing parameter, cr. 
In most applications there is a unique cr that 
produces the minimum mse between the network 
output and the desired output for the testing set. 
This cr can be found quite easily by trial and error. 
It is possible to find cr quickly by a systematic 
approach [ 16], since the relation between cr and 
mse is usually smooth with a broad minimum mse 
section (refer to the examples in Figures 6 and 7). 

The key to the practical application of the general 
MPNN of equation (2) is related to the method of 
selecting the Yi and the grouping of the associated 
input vectors for each class i. Given that a 
satisfactory grouping can be determined for a 
particular nonlinear signal processing problem. 
equation (2) can be used very effectively as . a 
general nonlinear signal processing algorithm. 
One solution to this selection and grouping, for 
simple nonlinear signal processing of a 
compressed and noisy sinusoidal waveform, was 
proposed by Zaknich et al [1] . The training vector 
pairs were produced by digitally sampling both the 
corrupted input waveform and the corresponding 
uncorrupted desired output waveform as shown in 
Figure 1. The noiseless y[n] amplitudes taken from 
the desired waveform were then uniformly 
quantised and given amplitude designations of Yi· 
ie. according to their class similarities. The 
quantised y[n] were separately grouped according 
to positive or negative slopes in the waveform. 
Each class group was then associated with the 
mean of the input vectors mapping to it. The input 
vectors were formed by taking consecutively 
sampled amplitudes from the input waveform 
having a specific temporal relationship with y[n], 
as can be seen in Figure 1. The success of this 
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simple case prompted the development of more 
general approaches suitable for both simple and 
more complex time · series analysis and nonlinear 
signal processing problems. Two general methods: 
the MPNN Method A, which is based solely on the 
characterisation of the desired output waveform, 
and the MPNN Method B, which is based on the 
characterisation of both the input and output 
waveforms are proposed. 

input vector x = ( x(n), X(n-1), ... , x(n-p+1)T 

Output vector y = ( y(n), y(n-1), ... , y(n-m+1l 

p s dimension of vector x 

T = digital sampling interval 
t n = discrete time Index 

t=n!T 

FIGURE 1: Typical Vector Construction 

'fhe key advantage of the MPNN over the GRNN 
is the grouping of similar quantised Yi and the 
computation of suitable single or multiple input 
vectors associated with each group so as to reduce 
the number of training vector pairs. This improves 
computational efficiency and performance as well 
as allows for the possibility of a fixed hardware 
design, since the maximum number of vector pairs 
is definable. 

Filtering Signal Model and the Waveform 
Characterisation Scheme 

The essential goal of this work involves the 
recovery of regularly sampled time series signals 
which have been corrupted by some nonlinear 
function and random noise. Therefore the most 
general signal model in the uniformly sampled 
discrete time domain is as follows: 

x(n) = g(z(n)) + v2(n) 
z(n) = s(n) + v 1(n) 

where: 
s(n) 
VJ(n) 

is the uncorrupted signal time series. 
is a random noise source 1 time 
series. 

v2(n) is a random noise source 2 time 
series. 

g(.) is the corrupting linear or nonlinear 
function . 

x(n) is the corrupted signal time series. 

If the system's signals are characterised by vectors 
composed of current and past discrete sample 
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points, as is done in filtering applications, then a 
general signal recovery model is given as: 

s(n) = f(s(n- l),s(n- 2), .... ,s(n- m),z(n), 
z(n- l), ... .. ,z(n- p-1)) ideal no noise case 

yQ:l) = f(s(n- l),s(n- 2), .... ,s(n- m),x(n), 
x(n- l), .. ... ,x(n- p-1)) for training 

and 

y(n) = f(y"(n- l),y"(n- 2), .. .. ,y"'(n - m),x(n), 
x(n- l), ... .. ,x(n- p-1)) for operation 

where: 
y(n) 

m 
p 

f(.) 

is the estimate of the original signal 
s(n). 
is the number of past outputs. 
is the dimension of the input signal or 
input time delay elements. 
is the nonlinear vector function 
implemented by the recovery method. 

This nonlinear problem can be said to be well 
defined if the system meets the following 
conditions: 

1) Bounded-input bounded-output (BIBO) 
stability [14]. An input sequence {x(n)} is 
bounded if there exists a finite X such 
that jx(n)j :s: X < oo V n. The output 
sequence {s(n)} is bounded if there exists 
a finite S such that js(n)l :s: S < oo V n. 
Both sequences {x(n)} and {s(n)} must be 
confined within a bounded and closed set. 

2) Continuity of function f(.). 

3) Time invariance of the function f(.) is 
desirable but it is satisfactory if it is 
slowly varying in relation to the system 
time constants and adaption techniques. 

4) The probability density functions (pdfs) of 
the signal x, and noise vectors v1 and v2 
should be continuous. 

Nonlinear systems can not necessarily be fully 
represented by a finite set of input and output 
sequences as is the case for linear systems. 
Consequently, it should be assumed that the model 
of the system is only modelling that part of the 
system which is being excited by particular input 
sequences during operation. This is the most 
reasonable position to take if there is no specific 
knowledge about the system, other than sets of 
input and output sequences. 
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To establish a suitable waveform characterisation 
scheme for MPNN Method A the real valued 
desired waveform variable y(n) is firstly quantised 
into N uniformly spaced levels, {yj(n) I j = 1, ... N} . 
This produces multiple sample points with the 
same quantised amplitude yj(n). Not all the points 
represented by a quantised Yj(n) should necessarily 
be grouped together, since amplitude alo• .. is not 
sufficient to establish similarity of a point in c. _ -.. 
series. Only points which have similar local 
waveform characteristics should be grouped. One 
way to identify similar points is to take a total of m 
sampled and quantised amplitudes in the vicinity 
of the point including the point and thus make a 
Characterisation Vector (CV) of dimension m ie. 

CV= ( Yi(n), Yi(n- 1), ... .. , Yi(n- m-1) )T. 

A higher order m gives a better characterisation. 
The required order is a function of the complexity 
of the signal's dynamics weighed against simplicity 
of MPNN design and acceptable system error. 
Given a characterisation vector size m it is also 
possible to follow and characterise vector 
trajectories in time through the m-dimensional 
space. Researchers are currently using trajectory 
characterisation for speech recognition [15]. If the 
sampled data are quantised the trajectories move 
through a quantised vector state space which can 
also be referred to as a quantised phase space. 

If each dimension of the characterisation vector is 
quantised by the same amount o, then any real 
valued vector, whose individual sample values all 
fall within their respective dimension's 
quantisation interval, can be defined as belonging 
to that class or state. The quantised 
characterisation vector defines a local grid or box 
region in Rm which has a length 8 in each 
dimension and is centred at the characterisation 
vector's value (refer to Figure 3). As o is increased 
and m is reduced the degree of similarity between 
vectors contained in the box reduces. If there is a 
uniform distribution of values in all dimensions 
then the degree of similarity of vectors in the box 
is bounded by an upper mean squared error (rose) 
of o2112. A useful rule of thumb is to only consider 
orders of m which are equal to or less than the 
input vector dimension p. It is pointless to 
characterise the outputs y more exactly than can be 
resolved in the input vector dimension. 

One of the simplest signals to consider is a sine 
wave y(t) = s(t) = sin( ro t ), corrupted by a 
nonlinearity and added random noise. The discrete 
version is y(n) = sin ( ro n I Np ) where Np is the 
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number of discrete sample points in one period. In 
the case of m = 2 and with N uniform levels of 
quantisation, all the possible states of {Yi(n), Yi(n -
1)} are as follows: 

Yi( n ) = sin ( ro n I Np ) 
Yi( n- 1) =sin ( ro (n- 1) I Np ) 
Yi( n) =sin ( sin-1( Yi( n- 1)) + ro /Np ) 

These equations define an elliptic contour of points 
in a two-dimensional quantised phase space. The 
~ · .._r of points along the contour is a function of 
N. ·1... provide the required signal 
characterisatto.. •o~; for m = 2. They are actually 
determined by projec .. _ _ '""' time trajectot of the 
characterisation vector ( Yit .. " ,., - 1) ) on its 
two-dimensional plane as the waveh,_ 'lrogresses 
in time as depicted in Figures 2 and 3. ( ~arly the 
method can be extended for m > 2. 

els 
y( I) 

fr 
ol) 

x(t) 

Y; ( n) 

• cluster centres ~ 2-D traj ectory projec1i 

v1 ( n-1) 

FIOURE 2: Noisy Sine Wave, Characterisation Examp 

5 = amplitude quantisation interval 

Y; ( n) H-t--t-t-:1H-f 

0 5 . N v1 (n-1) 

FIGURE 3: Phase Space for m= 2 and Sine Wave Exampl 

MPNN Method A 

The MPNN Method A involves creating the 
classes of equation (2) by characterising th1 
desired output waveform to identify similar Yi cu 
described above. Once the similar Yi are identified 
then the Yi of equation (2) may be taken as the 
quantised Yi(n) or the mean of all the y(n) related 
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to class i. If the y amplitude distribution is 
approximately uniform the quantised value of Yi 
represents the centre of the quantisation interval 
which is then the mean of the y in that interval, 
thus there is no need to compute the mean. The 
number of classes can be reduced by simply 
increasing the amplitude quantisation B and 
consequently reducing N. An optimal solution can 
easily be found by starting with a very high N and 
progressively reducing it (halving is a good 
strategy) until the mse between the desired and 
network outputs, of an independent test vector set, 
achieves a minimum. 

If the centre vector centxi is the mean of all the 
vectors associated with class i, and Zi is the total 
number of vector pairs in class i, then the equation 
for the special case of output -waveform 
characterisation vector dimension m = 2 is as 
follows: 

f ~ [yisZish ( (X - centxis ), 0")] 
ji(x) = ~i-:.::ls"-=·7;-~---------± ~[ Zisf .. (( x- centxi• ), a)] 

where: 
X 

cent'tis 

p 

Yis 

N 

i-ls-1 

is an arbitrary input vector. 
is the centre or mean vector for class 
(i,s) in the input space (real valued or 
quanti sed). 
is the dimension of the input vectors x 
and centxis· 
is the single learning or smoothing 
parameter chosen during network 
training. 
is the output related to centxis (real 
valued or quantised). 
is the number of quantisation levels 
for y(n). 
is the number of quantisation levels 
for y(n-1), Ns usually is equal to N. 
is the number of input training vectors 
Xj associated with output Yis and 
centxis· 
is a Parzen radial basis function. 

(6) 

This equation can easily be extended for m > 2. 
For m =:= -2 there can be a maximum, M = N.Ns 
unique ( Yi(n), Yi(n - 1) )T vectors, which provides 
an upper limit to the network size. 

MPNN Method A results in very efficient networks 
but it can suffer a fault if there is more than one 
local region in the input space which maps to the 
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same Yi output class. In that event the centre vector 
centxis is in error. if it is computed as the mean of 
all the inputs vectors associated with Yi· A more 
serious problem can occur if the same local input 
region maps to more than one local output group. 
These problems can be caused by special types of 
nonlinear mapping functions or noise statistics. 
Method A must be used with caution and 
preferably applied to problems than involve a one 
to one local input to output space mapping. 
Nevertheless. it is a very effective -way of clqstering 
input vectors for uniformly sampled time series 
signals passing through a nonlinear function with 
additive noise as defined in the filtering signal 
model above. If the noise is zero mean and nearly 
symmetrical, then each fis(x) representing the local 
noise pdf can be effectively modelled by a single 
RBF. In the more complex case where there may 
be two or more independent additive noise sources 
which have very different pdfs, especially if one or 
more of them is skewed, then it may be more 
effective to model each fis(x) with as many 
separate RBFs. In this case a suitable clustering 
algorithm. like K-means [ 17], could be applied to 
each set of input vectors associated with each 
fis(x). although this would introduce unv.-elcomed 
extra computational complexity to the method. 

MPNN Method B 

There is a rather obvious extension to the ~NN 
Method A described above. That is. to characterise 
similar sections of the quanti sed input waveform as 
well as the output. However, because the input 
invariably has noise, MPNN Method B results in 
less efficient solutions, more so as the noise level is 
increased. But. it does solve problems related to 
not having a one to one local input to output space 
mapping. It is effectively a quantised GRNN. if the 
input and output waveform quantisation is 
maintained at the analogue to digital converter 
(ADC) resolution. The characterisation vector used 
for vector grouping is made up from a sum of the 
input and output waveform characterisation 
vectors. The input characterisation vector has a 
dimension of p and Nx quantisation levels and the 
output characterisation vector has a dimension of 
m and N quantisation levels. In most applications 
m = I is sufficient. The main advantages this 
method offers. are that a solution can always be 
found and the network size is always finite ie. the 
maximum M = (p+m)N if N = . Nx. If the 
characterisation q~antisation is maintained at the 
ADC resolution then similar input output pairs are 
simply registered by incrementing the Zi registers. 
This becomes a simple self-organising structure 
and very easy to implement in hardware. 
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MPNN Method B can also be used effectively in 
pattern recognition (PR) problems for the grouping 
or reduction of input space vectors. For PR 
problems the output vectors are all the same for 
each class, so reduction occurs separately for each 
class through vector quantisation of the input 
vectors only. Class vectors in the same quantised 
grid box are averaged and represented by that 
single mean. 

Nonlinear Filtering Example 

To show the effectiveness and general 
characteristics of the two MPNN Methods in 
contrast to the Backpropagation Neural Network 
(BPN), the linear finite impulse response (FIR) 
and quadratic filters, the following nonlinear 
signal filtering example has been examined. 
Training and independent testing waveforms were 
synthesised using a sampling frequency Fs = 16 
KHz. Each of these waveform has a fading sine 
signal with a frequency of 400 Hz with random 
noise and impulse noise added. The equation for 
the fading sine wave is as follows: [1.0 * sin(27t 
400 n I 16000) ] * [0.25 * cos(27t42.66666n I 
16000)]. To this is added random noise with zero 
mean and a flat pdf between amplitudes -0.33 to 
+0.33 plus 17 impulses. The impulses are located 
one at every (30 + r) points where r is a random 
number between 0 and 30. They have a random 
positive amplitude of between 0.5 to 2.0 and a 
length of 5 sample points. All have a positive peak 
followed immediately by a negative peak having 
20% the magnitude of the positive one. The 
desired output waveform for each of these is the 
uncorrupted 400 Hz sine signal with an amplitude 
of 1.0 as shown in Figure 8. From these two 
waveform sets 533 training and 533 testing vector 
pairs were derived as follows: 

Training data, 
number of pairs NS = 533, 
input dimension p = 20, output dimension = l. 

Testing data, 
number of pairs NUM= 533, 
input dimension p = 20, output dimension = 1. 

Figures 4 and 5 show the 2-D output waveform 
characterisations of the training data for two 
different quantisations, N = Ns = 256 and N = Ns 
= 16. The characteristic elliptic shape associated 
with the output sine wave of constant amplitude is 
shown with filled squares. Each black square on 
the plots represents a number of points Zi for each 
of the M classes. The values of Zi and the 
closeness of the squares indicate the relative class 
densities. The closer they are the more dense is 
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that region of the space. Points along the ellipse 
form a discrete pattern because the digital 
sampling frequency F s in this case happens to be 
an integer multiple of the sine wave frequency. 
Normally, the points are distributed along the 
whole elliptic contour. In the first figure the scatter 
plot of small dots represents the corrupted and 
noisy input signal vector points where only the 
first two dimensions are seen. The maximum input 
signal amplitude has been normalised to 1. 0 for 
display purposes (it is actually equal to 2.0). The 
points are affected by the random noise so they 
mostly fall within an elliptical region except for 
two upper regions one on either side which show 
the biased spread due to the impulse noise. 

N-256 

. . 
L• 

... : 

•"J . . 

N =256 s 

FIGURE 4: Phase Space for Training Oala and N=256, m=2 

-· N=16 ••• -· •• • • • • • • •• • • • • ••• • . .. ••• Ns=16 ·-
FIGURE 5: Phase Space for Training Data and N=16, m•2 

Figures 6 and 7 show the mse vs a curves for the 
GRNN and MPNN Method A for bases 1 and 2. 
Basis 2 produces better networks for this data set. 
All the curves are typically very smooth with 
unique minima as indicated. Table 1 shows the 

Wi11ter 1995 



best network results using basis 2 for the GRNN, 
MPNN Method A (m = 2, N = Ns = 16) and 
MPNN Method B (p = 20, m= 1, Nx = 2, N = 
256). The MPNN Method A has the best overall 
results in respect to network size M, training time, 
and vector execution time. Method B reduces the 
network size with respect to the GRNN without 
any substantial loss in accuracy. Figures 9 and 10 
show the results of filtering the testing waveform 
with the GRNN and best MPNN Method A filters. 
The filtered output from Method A can be seen to 
be better than the GRNN as indicated by the lower 
msemin· The quoted training tinies in Table 1 
represent only one pass through the testing data 
set. The automated supervised learning algorithm 
described in [16] usually requires 5 to 10 passes to 
achieve convergence for each set of quantisation 
selections Nx, N, Ns etc. Times in the tables are 
obtained using Borland C 3.0 implementations on 
an 80486 PC running at 33 MHz, and they are 
quoted for reference only. 
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FIGURE 10: Testing Data Filtered with the best MPNN 

Figure 11 shows the result of filtering the testing 
Wa.veform data with a BPN [18] filter having 4 
layers with 20 nodes in the input, 50 nodes in the 
fist hidden layer, 20 nodes in the second hidden 
layer and I node in the output layer. The result is 
much worse than either the GRNN or the MPNN 
Method A filters. Furthermore, the training time is 
considerably longer as can be seen in Table 2. 
Table 2 also shows the results for the linear finite 
impulse response (FIR) and quadratic filters. Their 
results are worse still and they are shown for 
reference only. Figure 12 shows the result of 
filtering with the linear FIR filter which is neither 
able to correct the nonlinearity nor achieve good 
smoothing of the testing waveform . 

ll r n (I_ n 11 1\ {\ " [\ ' I 

V V V vv,Vvvll V 
FIGURE 11:Testlng Data Filtered with the BPN 

FIGURE12:Testing Data Filtered with the FIR Filter 
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Table 1 
Filter Type M Nx N <rmin 

GRNN 533 00 00 0.8869 
basis 2 
MPNN, m= 2 34 00 16 1.2650 
Method A 
basis 2 
MPNN, m= 1 374 2 256 1.0033 
Method B 
basis 2 

Table 2 
Filter Type Data Set Iterations 

BPN Training 1.75x10° 
20-50-20-1 Testing 

FIR Training 700,000 
20-1 Testing 
QUADRATIC Training 
20-1 Testing 

MPNN Design Rules 

The following design steps for the l\.1PNN are 
recommended when approaching a specific 
nonlinear filtering problem. 

1) Specify the design including the input 
and output requirements of the MPNN. 

2) Decide on suitable signal features. 
3) Choose the input and output 

dimensions p and K and order of 
recursion. 

4) Construct independent training, testing 
and validation vector pair sets. 

5) Consider a choice for the basis 
function. 

6) Apply the GRNN using basis 1 to check 
the approximate performance. 

7) If performance is satisfactory proceed 
else repeat appropriate previous steps. 

8) Try MPNN Method B first. 
9) If the optimum Method B network size 

is too large try Method A. 
10) If Method A does not work well 

11) 

12) 

enough then adopt Method B. 
If the performance is not satisfactory 
repeat steps 6 to 1 0 for another basis 
function. 
If the performance is still not 
satisfactory reconsider the design and 
start again. 

msemin Training Execution 
time in per vector 
seconds in seconds 

0.003320 105.2 0.1973 

0.002848 6.3 0.0117 

0.003366 73.8 0.1384 

m se Training Execution 
time in per vector 
seconds in seconds 

0.002430 177,720 0.03101 
0.006130 
0.019318 787 0.00053 
0.021270 
0.01605 4,086 0.00040 
0.018201 

The very first step is to specify the design problem 
generally and determine exactly where and how 
the l\.1PNN will fit into it. Next collect or 
determine suitable independent training, testing 
and validation data sets that will be applied to the 
network. The sample vector pairs in each set 
should be taken in direct proportion to the natural 
or expected a priori probability of occurrence such 
that they are as fully representative of the process 
that they stem from. Before this can be done the 
signal features, input vector dimension p and the 
output dimension K must be chosen. The order of 
recursion of outputs to be fed back into the input 
can be chosen at this stage or left till later if 
necessary. The signal features are usually the 
discrete time domain sample amplitudes typically 
scaled to range between the -1.0 and + 1. 0 extreme 
bounds. However, features cari be derived from the 
data in any other valid manner as the problem may 
dictate or suggest. Collect and save the data at the 
highest quantisation resolution, usually the 
resolution of the chosen ADC device which needs 
to be specified based on the specific design 
requirements. 

The choice of the input dimension is dictated by 
the desired amount of random noise filtering and 
the required temporal resolution. A higher p 
provides more random noise filtering or smoothing 
but a poor temporal resolution. The expected 
signal to noise power or energy gain at the output 
compared to the input is bounded as follows: 
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1 ~ SIN GAIN ~ p 

If the amount of filtering is insufficient for a given 
temporal resolution then the digital sampling rate 
F s can be increased to be able to increase p for 
better filtering without compromising temporal 
resolution. The output mse decreases and amin 
increases as p gets larger because a larger input 
vector contains more information about the local 
noise content so the network can be more effective 
in smoothing the noise. Asp goes up however, the 
number of network centres M is also likely to 
increase making a more complex network. 
Increasing the number of recursion elements 
results in a lower mse at the output at the expense 
of introducing system delay. Increasing recursion 
usually requires a larger a min. 

At this stage a choice of basis function can be 
made, usually basis 1 to start with. Next apply the 
GRNN using the training and testing data sets and 
find the amin and the associated msemin using the 
GRNN automated supervised learning algorithm 
described in [16]. Alternatively, a systematic 
trialing of a range of a values will usually find the 
single minimum quite easily. This minimum is 
needed for reference purposes in later steps as it is 
a very good estimate of the typical performance 
that can be achieved. 

Apply .MPNN Method B immediately if network 
size is not a problem. Start with a high Nx ( where 
Nx = 2b and b is an arbitrary positive integer ) 
with input characterisation vector dimension p and 
a high N ( where N = 2b and b is an arbitrary 
positive integer ) and output characterisation 
vector dimension m = 1. Reduce Nx and N 
independently by progressive halving until the best 
amin and the associated msemin is attained. N 
should not be reduced below where the 
quantisation interval 8 is greater than the expected 
noise smoothing in the output, ie. () ~ --./(2 msemin 
12) where the mse is defined as half the output 
noise variance. The expected output error variance 
can be taken as (2 msemin) from the GRNN 
results. In fact the optimum results and most 
efficient network is likely to be at the lowest 
acceptable N value. 

If .MPNN Method B is unsatisfactory because the 
best network size is too large, ie. M is too high, 
then try MPNN Method A with m = 2 at the 
highest N = Ns. Apply the automated supervised 
learning algorithm to find amin and msemin- If 
msemin is comparable to the GRNN' s then 
continue halving Nand N8 until msemin begins to 
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get bad. N should not be reduced below where the 
quantisation interval 8 is greater than twice the 
expected noise smoothing in the output, ie. 8 ~ V(4 
msemin 12). Ns on the other hand can be reduced 
as much as required. Choose the best combination 
of N and Ns and stop or proceed to fine tune them. 
If the msemin is a little worse than for the GRNN 
then try increasing m and repeat the network 
optimisation. The gains of increasing m begin to 
taper off at some limit. Increasing m is usually 
required as the signal complexity increases. If 
Method A still fails to work well enough then 
Method B should be used. 

If the performance is not satisfactory repeat steps 6 
to 10 for another choice of basis function. If the 
perforn1ance is still not satisfactory reconsider the 
design and start again from step 1 or abandon the 
approach. 

Comparison witb Otber Methods 

The method of Moody and Darken is most similar 
to the .MPNN and GRNN as they share a common 
formulation as generally defined by an equation 
similar to (2). The main difference is that the Yi, xi 
and a are computed using a combination of 
clustering and LMS or ADALINE adaption 
techniques. The processing unit centres xi and as 
are determined in a bottom-up self-organising 
manner using a clustering technique and then the 
amplitudes Yi are found in a top-down manner 
using a supervised LMS rule. The as are generally 
different for each centre. K-means clustering 
according to Lloyd [19] and MacQueen [20] is 
generally used to find K centres which represent a 
local minimum of the total squared Euclidean 
distance between the training vectors and the 
nearest of the K centres. This hybrid technique is 
faster and more efficient that the standard off-line 
global estimation and regression techniques which 
offer no advantage over a standard BPN. However, 
the final optimised values are not directly related 
to or constrained by the actual training vectors. 
The consequence of this for large a and sparse 
noisy training samples is that artificial minima and 
maxima can be produced well outside the training 
sample range. For large numbers of training 
vectors the averaging of the K-means clustering 
reduces sensitivity to noise. Kohonen's self-
organising network [21] implements the method 
which is most similar to the Moody and Darken 
method. 

The method of fitting radial basis functions to data 
is another similar method to the .MPNN. Like the 
Moody and Darken method the equivalent 
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parameters to Yi· xi and cr are optimised, but the 
values are not necessarily the same throughout the 
network nor directly related to or constrained by 
the actual training vectors. In this sense they share 
similar problems to the Moody and Darken 
method. RBF s do have a small advantage over the 
MPNN and GRNN when used with non-stochastic 
data because they can produce unbiased estimates 
at inputs equal to the training vectors. 

The CMAC functions in a somewhat similar 
manner to the .MPNN when the Ji(x) pdfs are 
symmetrical and have a constant value within a 
constant radius from the centre of training vectors 
and zero elsewhere. The neurons closest, in a 
Euclidean or city block sense, to training vectors 
turn on while all the others turn off. Consequently, 
the output is totally a function of the closest 
neurons. As these neurons are not as complicated 
as in the Moody and Darken, RBF or GRNN 
methods, many more of them are required to 
produce a smooth output. The .MPNN is developed 
as some finite function of the quantisation. In this 
sense, the method is quite similar to the CMAC, in 
that vectors close in the input space are paired with 
vectors close in the output space based on a vector 
quantisation strategy. 

A number of other researchers like Xu and Zheng 
[9] and Kononenko [10] have developed methods 
which are strongly related to those discussed above 
but which have not been referenced to them at all. 
These works have obviously resulted from the fact 
that fundamentally they all stem from basic 
probability and regression theories which can be 
viewed from many different perspectives. 

There are also a class of non parametric symmetric 
kernel based regression techniques stemming from 
the work of Nadaraya [12] and Watson [13] which 
are also quite similar in form to the 
.MPNN/GRNN. The choice of the bandwidth of 
the kernel, ie. cr, in practice is an important issue 
which challenged the kernel experts for several 
decades before the 1980s. Statisticians prefer to 
compute the value based on some knowledge of the 
data statistics but it can also be determined 
experimentally. 

Discussion on the MPNN Methods and 
Conclusions 

The main aim of both the GRNN and the .MPNN 
Methods is to associated similar inputs with 
similar outputs. In the case of the GRNN this is 
done by brute force in that each and every input 
and output vector pair becomes an integral part of 
the network. The .MPNN Methods endeavour to 
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reduce the number of unique input to output pairs 
to a finite set by grouping input vectors through 
the use of sums of RBFs with a common radial 
size. This reduction is done in a way which hopes 
to approximate, preserve or even improve on the 
GRNN solution especially when there is a limited 
training data set. The GRNN solution is a very 
good initial guide for how good a performance can 
be expected from the training and testing sets 
using any neural network or nonlinear method. 

The MPNN basic formulation of equation (2) is a 
general one which encompasses the GRNN 
(equation (1)) as a special case. The most 
significant similarity between the GRNN and 
MPNN as compared with other methods is the use 
of a single smoothing factor for network training. 
No matter how efficient either of the two MPNN 
methods can get, they must be described as sub 
optimal semi parametric fonns of RBF mixture 
models. Although they are based on equally sized 
RBF kernels the individual Gaussians at each 
centre can be of any size depending on the value of 
Zj. The suboptimality is due to the use of similar 
RBF kernels. However, that is a worthwhile trade 
off because of the very fast and guaranteed 
learning by the adjustment of a single parameter cr. 
The other main advantage of the forced constraints 
placed on the networks is that they organise 
themselves by no more than simple successive 
memory accumulations and arithmetic operations. 
This allows for the development of simple both 
virtual and parallel hardware implementations 
which can be realised easily with either very large 
scale integration (VLSI) or optoelectronics 
technology. 

Despite the potential problems with the MPNN 
Method A the use of similar desired output 
waveform sections to guide the clustering in the 
input space is a very worthwhile and powerful idea 
when it works. When the desired waveform has no 
noise the similar sections are distinct, resulting in 
a minimal network size for given N and m. If noise 
is present then there will be more similar sections 
for the san1e underlying waveform, resulting in a 
less efficient network. In the event that Method A 
is unsuitable then Method B can always be used 
instead of the less efficient GRNN with no loss in 
performance. All in all the .MPNN offers the 
engineering profession a very useful and practical 
approach to nonlinear signal filtering which can be 
easily realised with present or foreseeable 
technology. 
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ABSTRACT 
In this paper, supervised learning for Self-Generating 
Neural Networks (SGNN) method, which was originally 
developed for the purpose of unsupervised learning, 
is discussed. An information analytical method is pro-
posed to assign weights to attributes in the training 
examples if class information is available. This signif-
icantly improves the learning speed and the accuracy of 
the SGNN classifier. The performance of the supervised 
version of SGNN is analyzed and compared with those 
of other well-known supervised learning methods. 
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1 INTRODUCTION 

The SGNN (Self-Generating Neural Network) method 
proposed in [11] is an unsupervised learning method. 
It has been applied to different application areas such 
as image coding, diagnostic expert system and docu-
ment/information retrieval system [10]. Although the 
SGNN method performs quite satisfactorily comparing 
with other unsupervised learning methods, it cannot 
compete with other supervised learning methods in some 
cases since the class information has not been used. 

In this paper, an information analytical method is 
proposed to assign weights to attributes in the train-
ing examples using class information. This significantly 
improves learning time and the predictive accuracy of 
the SG NN classifiers. The method is different from the 
conventional supervised learning methods, such as ID3 
[5, 7], CN2 [1] and Backpropagation (BP) [8, 4], and 
can find its analogy with self-learning or learning from 
textbook. Class information is only used in assigning 
weights and not used in training for reinforcement. That 
is, there is no teacher supervising the learning proce-
dure all the time and the system learns from a pre-
processed/weighted training set which plays a similar 
role of a well-edited textbook. The performance of the 
supervised version of SGNN is analyzed and compared 
with those of well-known supervised learning methods. 
Below, we will use a simple version of SGNN - SGNT 
(Self-Generating Neural Tree) to elaborate how super-
vised learning (i.e., using class information) is carried 
out. 

In the following section, we describe the basic unsu-
pervised SGNT algorithm and show that it is compara-
ble with some other known unsupervised methods but 
not as good as some supervised methods. In Section 3, 
we propose some information measures that are used in 
Section 4 to assign weights to attributes and select fea-
tures. Stopping criteria are also given for the weight 
assignment procedure. In Section 5, we show in de-
tails how the information measures are used to assign 
weights and select features through three problems. In 
Section 6, we give a discussion on the features of super-
vised/unsupervised SGNT and the method ~f extending 
SGNT from the unsupervised to the supervised and its 
limitations. 
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2 SGNT ALGORITHM 
Neural networks are usually designed by human experts. 
It is fairly tricky to choose the right structure of the neu-
ral network suitable for a particular application at hand. 
In this section, we briefly discuss the SGNT method pro-
posed in [11] to generate neural trees [2] automatically 
from the training examples without human intervention. 

For this kind of networks, not only the weights of the 
network connections but also the structure of the whole 
network are learned from the training examples directly. 
These include: 

1. the number of the neurons in the network, 

2. the interconnections among the neurons, and 

3. the weights on the connections. 

A neural tree generated in this way is called a self-
generating neural tree. 

Before we describe the algorithm, some related defi-
nitions are given below: 

An instance e; is a vector of attributes: e; = < 
ail, ... , a;n > . A neumn nj is an ordered pair < 
Wj , Cj >, where Wj is the weight vector of the neu-
ron: Wj = < aj 1 , ... ,ajn >,and Cj is the child neuron 
set of nj. 

An SGNT is a tree < {nj}, {lk} > of neurons gen-
erated automatically from a set of training instances 
by the algorithm given below, where { nj} is the neu-
ron/node set and {lk} is the link set of the tree. 

A neuron nk in a neuron set { nj} is called a winner 
for an instance e; if't/j, d(nk, e;) :::; d(nj, e;) where d(n, e) 
is the distance between neuron n and instance e. Any 
distance measure could be used, but we use a modified 
Euclidean distance measure as an example in this paper: 

(1) 

where Pk is the weight for the k-th attribute. Note that, 
these weights, p, are different from those weights, w , de-
fined later, for the links of the SGNT. The former are 
determined by a method proposed in the next section 
or a human expert prior to the learning phase while the 
latter are learned from the given training data set. If 
the learning system makes use of the class information 
available to select a set of suitable weights for the at-
tributes, the performance of the classifier generated by 
SGNN/SGNT will be improved significantly. Especially 
when there are many attributes irrelevant to the under-
lying classification problem and other attributes make 
contributions which are of different importance. The 
main purpose of this paper is to propose an information 
analytical method to analyse the training set to assign 
different weights to different attributes so that we can 
improve both the classification and generalization sig-
nificantly. We first introduce our SGNT algorithm: 

Algorithm (SGNT Generation) 

Input: 
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1. A set of training instances E 
0, 1, ... ,N. 

2. A threshold e > 0. 
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{e;}, 

3. A distance measure for each attribute/weight 
in instances/neurons. 

Output: An SGNT generated from E. 

Method: copy(root,eo); 
for each item in the training data 

minDistance = test(e;,winner); 
if(minDistance > ~) 

if winner is a leaf do 
copyCn1,winner); 
connect(n1,winner); 

copy(n2 , e;); 
connect(n2 ,winner); 

update(winner,e;); 

A neuron in an SGNT is called a leaf neuron if it has no 
child neuron. The routines/functions above are defined 
as follows: 

1. copy (n, e) : generate a neuron n and copy the at-
tribute values in the instance e to the weights in 
n. 

2. test(e,winner): find a winner in the current 
SGNT for instance e and return the distance be-
tween the winner and e. 

3. connect(n0 , nd: connect neuron n0 to n1 making 
no as a child neuron of n1 . 

4. update(n,e): update the weight vector of neuron 
n by the attribute vector of e based on the updating 
rule below: 

1 
Wij,k+l = Wij,k + k + 1 · (ak+l,j- Wij,k) · 

where Wij,k is the j-th weight of n; after having seen the 
first k examples covered by n;. 

As the network is trained repeatedly by the training 
set, the dead branches which stop growing are pruned 
away in order to improve the quality of the network and 
decrease its size. An SGNT branch is called dead if 
the number of examples covered by its root does not 
increase during the repeated training. Finally, it is pos-
sible to simplify an SGNT by a method similar to Quin-
lan 's method of decision tree simplification [6]. For more 
detailed information about the SGNT algorithm, op-
timization, pruning, and simplification, please refer to 
[11]. 

The performance of the SGNT method described early 
is quite satisfactory in both accuracy and speed aspects 
comparing with some well-known unsupervised learning 
methods such as CLASSWEB and ECOBWEB1 (see Ta-
ble 1, where the unit of time is second). 

Since the SGNN/SGNT classifier does not make use 
of the class information even when this information is 

1 These two are the variations of Fisher's COBWEB [3]. 
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available, it cannot compete with the classifiers devel-
oped by some well known supervised methods (see Ta-
ble 2 starting from the second row). Therefore, it seems 
necessary to find a way for the SG NN /SG NT method to 
make use of the available class information. Note that 
except the first rows in Tables 1 and 2 are reported by 
us, the rest can be found in [9] . The MONK's problems 
are to be explained in Section 5. 

3 INFORMATION 
MEASURES 

In this section , we propose some information measures 
to assign weights to attributes in the training examples 
so that a more informative attribute for classification 
is assigned with a larger weight . In order to determine 
whether an attribute is informative or not , we give the 
following discussion : 

Suppose a set S of objects is divided into Ne subsets, 
called classes. The expected information (or entropy) 
for classification is 

.life 

I(S) =-L n e ·log2 n e ' 

c=l n n 

where ne is the number of objects belonging to class Cc, 
and n is the total number of objects inS. Similarly sup-
pose Si!~ is a subset of S in which the i-th attribute A; of 
all objects has its k-th value. The expected information 
in S;k for classification is 

where n;k is the number of objects for which A; takes 
its k-th value, and among these n;k objects, nikc belong 
to class Cc. Therefore, for attribute A; the expected 
information is 

Learning method 
tested M1 M2 

where N; is the number of values A; can take. Thus, the 
first order information gain contributed by A; is 

and is a measure of A; 's contribution to classification. 
Because the gain 9; defined above is related to the num-
ber of values .M that an attribute A; can take, i.e., A; 
tends to have a large fh if N; is large, we also use normal-
ized gains to measure the contribution of each attribute. 
The normalized gain is defined as 

g~- Q; 
• - I;, 

In [5], 9; and 9: are maximized to choose attribute to 
branch in decision trees for ID3 . 

In our case, if 9; is greater than an appropriate thresh-
old, we may use it as the attribute weight of A ; in (1) . 
If 9; is too small , it depends if 9; should be used as the 
weight of A;, because the information gain may be not 
only contributed by A; itself but also by some noise or a 
deviation of the sample set from the true distribution of 
S . In this case, second or higher order information gains 
may be considered. The definitions of second or higher 
order information gains can be given in a way similar to 
that of first order information gains. For example, the 
second order information gain of a pair of attributes A; 
and Aj can be defined as follows: 

where 
Jl!; N'i 
~~n· · kl &;j = LJ LJ ....,;]_ · I(Sijk t) ; n 
k=ll=l 

(2) 

nijkl is the number of objects in S whose i-th and j-th 
attributes take their k-th and l-th values, respectively; 

.life 

I(s ) ~ n i jklc l nijkle 
ijkl = - LJ -- · og2 --; 

c=l n ;j kl nijk l 

and nijklc is the number of objects belonging to class Cc 

whose i-th and j-th attributes take their k-th and l-th 

Test results Tester(s) 
M3 Average 

SGNT (unsupervised) Accuracy 82.6% 78.2% 84.5% 81.8% Wen et. al. 
time 1.47 2.37 

CLASSWEB 0.10 Accuracy 71.8% 64.8% 
time 1406.47 2013.78 

CLASSWEB 0.15 Accuracy 65.7% 61.6% 
time 867.47 977.04 

CLASSWEB 0.20 Accuracy 63.0% 57.2% 
time 499.94 646.06 

ECOBWEB leaf prediction Accuracy 71.8% 67.4% 
time 

ECOBWEB l.p & inform.util. Accuracy 82.7% 71.3% 
time 

Table 1: Comparisons for MONK's problems among un-
supervised learning methods 
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2.69 
80.8% 72.5% Kreuziger et. al. 
1311.25 
85.4% 70.9% Kreuziger et. al. 
822.09 
75.2% 65.1% Kreuziger et. al. 
521.21 
69.1% 72.5% Reich & Fisher 

NjA 
68.0% 74.0% Reich & Fisher 

N/A 
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Learning method Test result 
tested M1 M2 M3 

SGNT (supervised) 100% 87% 100% 
AQ17-DCI lOO% lOO% 94.2% 
AQ17-HCI lOO% 93.1% lOO% 
AQ15-GA lOO% 86.8% lOO% 
Assistant Professional lOO% 81.3% lOO% 
mFOIL lOO% 69.2% lOO% 
ID5R 81.7% 61.8% N/A 
IDL 97.2% 66.2% N/A 
ID5R-hat 90.3% 65.7% N/A 
TDIDT 75.7% 66.7~ N/A 
ID3 98.6% 67.9% 94.4% 
ID3 (no windowing) 83.2% 69.1% 95.6% 
ID5R 79.7% 69.2% 95.2% 
AQR 95.9% 79.7% 87.0% 
CN2 lOO% 69.0% 89.1% 
PRISM 86.3% 72.7% 90.3% 
Backpropagation lOO% lOO% 93.1% 
Backprop. with weight decay lOO% lOO% 97.2% 
Cascade Correlation lOO% lOO% 97.2% 

Table 2: Comparisons for MONK's problems among su-
pervised methods 

values, respectively. The normalized second order 
gain can be defined accordingly. 

./tl; ./tlj 
I E E nijkl I nijkl 
ij = - -- · og2 --· n n (3) 

k=ll=l 

Sometimes, we need consider not only the absolute 
higher order gains but also the higher order gains related 
to the corresponding lower order gains. For example, the 
second order gain of attribute pair A; and Aj related to 
the first order gain (h is 9ij,i = Q;j - Q; and the corre~ 
spending normalized relative gain g:j,i = g:j - g:. The 
relative gains are useful when both Q; and Qij are greater 
than the corresponding thresholds, and we would like to 
know whether the contribution of Aj is significant to the 
classification. 

Although the impact of higher order information gains 
are not as obvious as that of first order gains, it is some-
times important for the performance of the classifiers. 

4 ATTRIBUTE 
SELECTION AND WEIGHT 
ASSIGNMENT 

In this section, we discuss heuristic rules to select at-
tributes related to the underlying classification, when 
there are irrelevant attributes in the training examples, 
and to assign weights to the selected attributes. 

An attribute A; is called first order selectable, if its 
gain g: > Q'( 1), where Q'(l) is the average of all nor-: 
malized first order gains. If an attribute is first order 
selectable, its contribution to the classification is above 
average and thus should not be ignored. If an attribute 
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is not first order selectable, it can still be selected be-
cause of the joint contribution of the attribute and other 
attribute(s). An attribute A; is called second order se-
lectable if one of the following conditions is satisfied: 

1. There is another attribute Aj, A; and Aj are not 
first order selectable but the normalized second or-
der gain g:j > Q'(2), where Q'(2) is the average of all 
normalized second order gains except those second 
order gains corresponding to attributes which are 
both first order selectable. 

2. A,; is first order selectable, but A; is not, and 9ij,j > 
r.(2 ,1) 1\ g! . . > Q'( 2,l) where Q'(2,l) and Q(2,lJ are 
':1 $J,J ' 
the averages of relative normalizedfunnormalized 
second order gains of all pairs of the attributes ex-
cept those that correspond to two first order se-
lectable attributes. 

Note that the order of the above logic expression is sig-
nificant. That is, if gij,j > Q(2•1) is not true, we can 
simply reject A; as selectable, and it is not necessary 
to calculate and test g:j,j > Q'(2•1). In these cases, the 
average of the gains is only over those gains which have 
already been calculated. 

Higher order selectibility can be also defined similarly. 
If expert knowledge is available in the learning, the aver-
ages can be replaced by any thresholds chosen according 
to the knowledge. In this paper, we use the averages as 
the thresholds assuming no expert knowledge is avail-
able. 

If an attribute is neither first nor second order se-
lectable, we call it second order rejectable. In this· paper, 
we reckon that an attribute is irrelevant to a classifica-
tion problem if it is at least second order rejectable and 
thus is assigned a weight 0. For all other attributes, if 
their first order gains are greater than a threshold, say 
~,where N is the number of attributes in a training 
vector, set their weights equal to the gains. Otherwise, 
set their weights to the reciprocal of the corresponding 
gains since we would like to reduce the deviation of the 
training samples from the true distribution. It should 
be noted that although .normalized gains are used for at-
tribute selection, unnormalized gains should be used for 
weight assignment since attributes with larger numbers 
of values need bigger driving forces for classification. 

Before we show, in examples, how to use information 
gains and the above heuristic rules to assign weights to 
the attributes, we discuss when the higher order gains 
should be calculated, or when the calculation is not nec-
essary. 

4.1 Stopping Criteria 
At the beginning, two sets are defined: SELECT and 
START. SELECT is null and START contains all the 
attributes. Data is ·treated in a conventional mam1er, 
divided into two sets: TRAIN and TEST. P; is a per-
formance measure, e.g. predictive accuracy. 

1. i = 1, {3 = 0. 02; # {3 is a tunable parameter 
2. compute ith order gains to select attributes 
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from START and add into SELECT; 
induce a concept hierarchy, C, using 

the attributes in SELECT; 
obtain P1 of C on TEST; 

3. i = i +i; 
compute ith order gains to select attributes 

from START and add into SELECT; 
induce a concept hierarchy, C, using 

the attributes in SELECT; 
obtain P2 of C on TEST; 

4. if (START = SELECT) or 
(P2 < Pi) or 
(P2 < P 1 + {3) or 
(P2 ~ 1 - {3) 

then STOP 
else Pi = P2; 

go to 3. 

Here we provide four stopping criteria. First one 
says if all attributes are selected, the selection algorithm 
should stop. Second one points out a theoretical possi-
bility that the more attributes selected, the worse the 
performance. The algorithm should stop if this occurs. 
Third one amounts to if there is no significant improve-
ment, stop. And fourth one states that if the perfor-
mance is sufficiently good, stop. 

5 EXAMPLES 
The MONK's problems proposed in [9] become a de 
facto standard set of benchmarks because 

1. MONK's tests have been performed for many 
(at least 20) well-known supervised/unsupervised 
learning methods at the 2nd European Summer 
School on Machine Learning during summer 1991. 
This makes a comparison between our method and 
those well-known methods much easier and less bi-
ased. 

2. The training and test data and the test results for 
other well-known methods are easily accessed. 

3. The MONK's problems are not too complicated, 
time-consuming to test but are also reasonably dif-
ficult to be solved in different aspects such noise, 
joint concepts. 

The MONK's problems [9] rely on an artificial robot 
domain, in which robots are described by six different 
attributes: 

A1: head..shape E round, square, octagon; 
A2: body_shape E round, square, octagon; 
Ag: is ...smiling E yes, no; 
A4: holding E sword, balloon, flag; 
As: jacket_color E red, yellow, green, blue; 
As has_ tie E yes, no. 

The learning tasks of the three MONK's problems are 
binary classification tasks, each of them is given by the 
following logical description of a class. 
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• Problem M1: 
(head_shape = body _shape) or (j acket_color = red) . 
From 432 possible examples, 124 were randomly se-
lected for the training set. No noise is present. 

• Problem M 2 : 

Exactly two of the six attributes have their first value. 
From 432 examples, 169 were selected randomly. 
No noise is present. 

• Problem M3 : (Jacket_color is green and holding a 
sword) or (jackeLcolor is not blue and body_shape 
is no octagon). From 432 examples, 122 were se-
lected randomly. and among them there were 5% 
misclassifications, i.e., noise in the training set. 

The graphical representations of the training and test-
ing sets for all these three problems are given in the 
Appendix of the report. It is easy to see that M3 should 
be the easiest one to learn if there were no noise present 
because there is only a Disjunctive Normal Form (DNF) 
of first order relations to be learned in the description. 
M 1 is a bit harder because there is a second order rela-
tion, head_shape = body_shape, to learn. However, the 
noise in M 3 changes the order of difficulty between M 1 
and Ma. The most difficult one is M2, one has to exam-
ine all the six attributes of any example to tell whether 
it belongs to the right class. 

Methods like SGNT/SGNN or COBWEB [3], will not 
perform well for these examples. The reason is twofold: 
firstly, these methods are unsupervised; secondly, these 
methods treat all attributes equally important, but in 
some (Mt and Ma) of these problems some attributes 
may be much more important than the others. In ef-
fect, A a, A4 , and A6 are corn pletely irrelevant in M 1 , 

and At,Aa, and A6 in Ma to the classification problems. 
Methods such ID3 [5] and the like should perform bet-
ter than the above mentioned methods not only because 
they are supervised, but also because they discriminate 
some minor attributes from the others in one way or an-
other. However, even ID3 cannot achieve the best results 
for MONK's problems because the problems are obvi-
ously involved in higher order relations but ID3 deals 
only with first order information. An information anal-
ysis conducted below also confirms the above intuitive 
conjectures. 

5.1 MONK'S PROBLEM 1 
The information analysis for the training set can be per-
formed starting from calculating the first order informa-
tion gains. For M1, the result of first order information 
analysis is shown in Table 3. 

The expected information for classification in M 1 is 

62 62 62 62 
I(Mt) = -- ·log2--- ·log2 - = 1 0 124 124 124 124 . 

For A1 = 0 in M1, the information is 

14 14 31 31 
I(At) =- 45 ·log2 45 - 45 · log2 45 = 0.8946. 

Winter 1995 



Attr Value class Info. N 'lized 
val # Co c1 gain g gain Q' 
0 45 14 31 

A1 1 42 22 20 .0753 .0476 
2 37 26 11 
0 35 15 20 

A2 1 42 22 20 .0058 .0037 
2 47 25 22 

A a 0 65 35 30 .0047 .0047 
1 59 27 32 
0 42 26 16 

A4 1 43 21 22 .0263 .0166 
2 39 15 24 
0 30 11 19 

As 1 31 11 20 .2870 .1437 
2 34 11 23 
3 29 29 0 

As 0 56 29 27 .0008 .0008 
1 68 33 35 

Table 3: Information analysis for M1 

Gains Norm Gain Rela Gain Norm Rela 
gl2: .5147 Qb: .2403 g l 2,1 : .4394 gb.l: .1926 
gl3: .0855 gb: .0487 
gl4 : .0968 gi4: .0447 
gl6: .0876 gi6: .0498 
g23: .0125 g~3: .0075 
g24: .0335 g24: .0167 
g25: .3006 g2s: .1322 g2s ,s: .0136 
g26 : .0305 g~6 : .0183 
g34 : .0353 9~4 : .0268 
9as: .3078 9~5: .2004 g35,5 : .0208 
g36 : .0195 g~6: .0193 
g45: .3247 g-45: .1344 g45,5 : .0377 
946: .0509 g,46: .0293 
g56: .3053 g~6: .1351 9s6,5: .0183 
Average: .0552 .1060 .1926 

Table 4: Second gains for M1 

Similarly, the information for A1 = 1, and 2 is 
0.9985, 0.8780, respectively. Thus, the expected infor-
mation and the first order information gain for A1 are 

45 42 37 
£1 = 124 . 0.8946 + 124 . 0.9985 + 124 ' 0.8780 = 0.9246, 

and 
gl = 1 - 0.9246 = 0.0753. 

Other first order information gains and the normalized 
gains can be calculated similarly, and are shown in the 
last two columns of Table 3. The average of this the 
information gains 0.0666 can be chosen as the threshold 
of the information gains. Therefore, only two first order 
selectable of six attributes, A1 and As are selected with 
weights 0.0753 and 0.2870. The second order gains can 
be calculated according to (2) and (3), and are given in 
Table 4. 

It is easy to see from Table 4 that only A2 is second 
order selectable (see the first row in Table 4, in fact , it 
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9a : .0008 I 
l 94: .0029 1 9s: .2559 96 : .0071 J 
1 9i: .oo45 J g~: .1854 93: .ooo8 1 
1 94: .ooi8 J 9~: .1281 9~: .oo11 1 

Table 5: First order information gains forMa 

is not necessary to calculate gb 1 because it is the only 
candidate). Thus, A 2 is assigned a weight of 0.0058 and 
all the other attributes are second order rejectable and 
assigned weights 0. Using the attribute weight (p) set 
{0.0753, 0.0058, 0.0, 0.0, 0.2870 , 0.0} for M1 , we obtain a 
network with a classification accuracy of 100% for both 
training and testing sets (Table 2), thus the selection 
algorithm stops. 

5.2 MONK's PROBLEM 3 
As mentioned above, there were 5% misclassifications or 
noise in the training set of M3 . This makes M3 more 
difficult than M1 . If there were no noise in the training 
sets, Ml is more difficult than M3 . Hence, the selection 
of the gain threshold will be more sensitive to the classi-
fication performance for M3 . The first order information 
gains in the training set is given in Table 5. 

Among the first order gains only 92 and 9~ are greater 
than the average 0.0468 of the 6 first order normal-
ized gains. Therefore, A2 and A5 are assigned weights 
0.2937 and 0.2559 , respectively. There are 8 attribute 
pairs whose second order normalized gains are greater 
than the average 0.0682 . Among them only three 
9ls,s , 924,2 1 945,5 , have relative gains above the aver-
age. Because the normalized relative gain 9f 5 5 is be-
low average 0.0090, only A4 is second order s~lectable 
and is assigned a weight 0.0029. Using attribute set 
{0.0, 0.2937, 0.0, 0.0029, 0.2559, 0.0}, we generate a net-
work forMa, again, with 100% classification accuracy for 
testing set and thus the selection algorithm stops. It is 
interesting to note that the network constantly corrects 
the 6 misclassified examples when testing the training 
set. 

Our intuition has been verified by our information 
analysis that Ma would be harder than M1 because 
of the noise added in the training set. For M1 , no 
normalized relative gain needs to be calculated. How-
ever, for Ma, if we did not calculate the normalized 
relative gains and compare them with the average, we 
might well have selected A1 in addition to A4 . The 
result network generated by attribute weight (p) set 
{0.0071 , 0.2937, 0.0, 0.0029, 0.2559, 0.0} always misclas-
sifies 6-12 testing examples. 

5.3 MONK's PROBLEM 2 
As we mentioned above, M2 should be the hardest one 
among the three MONK's problems because the clas-
sification does not directly related to the values of the 
attributes. This intuition will be again verified by our 
information analysis. The first order information gains 
are given in Table 6. 
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presented. It has been shown to perform 
satisfactorily on colour and grey scale images. 
Due to its high restoration gain, the seeding method 
will quickly produce restorations on high loss images 
whereas convolution based methods slow down 
drastically. Morphological restoration may use a 
seeding method or a nearest good neighbour method. 
As images become more corrupted, pixels will be 
propagated for longer distances and larger spatial 
dislocation errors will occur giving poorer restoration 
results. Methods may use a single or dual buffer 
method for the restoration. Pictures with corruption 
of up to 95% of image pixels for grey scale images 
and up to 90% for a colour scene have been restored 
by these methods. 
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4. The method can be used for supervised, unsuper-
vised or even hybrid learning tasks depending on 
whether the class information is available or not. 
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Platform used Tester(s) 
for testing 

SGNT (supervised) 1.00 2.10 0.50 SUN SPARC 1 Wen et . al. 
ID3 35.51 154.02 23.04 SUN SPARC 1+ 
ID3 no windowing 4.98 7.61 3.74 SUN SPARC 1+ 
ID5R 99.20 407.61 78.91 SUN SPARC 1+ 
AQR 4.17 9.45 4.00 SUN SPARC t+ 
CN2 4.48 74.04 10.25 SUN SPARC 1+ 
Cascade correlation 5.11 7.75 12.27 DECSTATION 3100 
Backprop. 10 to 30 SUN SPARC 

Table 7: Speed comparisons for MONK 's problems 
among supervised learning methods 
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Abstract 
Intelligent Information Systems are generally not endowed with complete information 
about the world with which they interact, consequently they require a mechanism for 
modifying themselves as more information is acquired. The AGM Paradigm has become 
one of the standard frameworks for modeling changes to repositories of information, its 
principal constructions for informational change operators rely on some form of under-
lying preference relation. We refer to the process of changing the underlying preference 
relation for an intelligent information system as a transmutation. The objective of this 
paper is to show that by representing an information system using a preference relation 
one can model how an information system changes upon the receipt of new information. 
This can be achieved even when the new information contradicts the information system's 
current internal state. Furthermore, we show how explanations can be determined using 
transmutations of information. 

1 Introduction 
An information system is a system through which infor-
mation flows; the system's inputs, outputs, and feedback 
are information. For our purposes the internal state of 
an information system will be represented as a set of log-
ical sentences which we will refer to as its information 
state. In other words, an information state is a collection 
of information contained in an information system. 

Usually an information system characterizes a view of 
the world with which it interacts. Physically, its infor-
mation state might be a diagram, a graph, a spreadsheet, 
a database, a rulebase, or a more sophisticated cognitive 
entity. An information system's view is said to be incom-
plete if there are details about the world it is unaware of, 
or is agnostic about. 

Broadly speaking, the input of an information system 
can be of two forms; it can either be a query, or it can 
lead to system changes. The different forms of input are 
illustrated in Figure 1. In this paper we focus on change 
and model the behaviour of an information system as it 
receives input which results in a new information system. 

We will interpret the current state of an information sys-
tem to be its view of the current world state. Normally 
this state is incomplete and subject to change; this is 
the case even for simple database systems. Consequently 
an incomplete information system requires a mechanism 
for modifying its view as more information about the 
world is acquired. \Ve will consider an intelligent infor-
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mation system to be one that is capable of modifying 
itself upon the receipt of new information; one that does 
not require the intervention of another (more intelligent) 
agent. Our first task is to establish the requirements of 
an intelligent information system and then to consider 
how this system might determine when certain informa-
tion provides an explanation for other information. 

The AGM Paradigm [1, 4, 6] has become one of the 
standard frameworks for modeling informational change. 
It provides change operators that allow for revision and 
contraction of information contained in an information 
system. Within the AGM Paradigm the family of re-
vision operators, and the family of contraction opera-
tors are described by rationality postulates. It turns out 
that the logical properties of an information state are 
not strong enough to uniquely determine a revision or 
contraction operator, therefore some extralogical infor-
mation is required [1, 4, 6]. In other words, based on 
the logical properties of the·information alone there may 
be more than one way to effect the desired change. The 
required extralogical information can take the form of a 
preference relation which is used to choose among the 
various possibilities. For example, consider an informa-
tion system whose current state is described by a: Bach 
is a dalmatian, {3: dalmatians have spots and 1: Bach 
has spots. Consider the situation where this information 
system receives the new information that Bach does not 
have spots, obviously if it is to accept the information 
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and maintain its integrity1 the information system must 
do one ofthe following three things: (i) give up a and r, 
(ii) give up f3 and r, or (iii) give up all three a, f3 and 'Y· 
The question is what criteria could be used in order to 
make the choice! If we impose a preference relation over 
the information then the decision could be made based 
on it. Loosely speaking, if a is more prefered to f3 then 
we would expect a to remain in the system, and f3 to 
be retracted, if f3 is more prefered to a then f3 should 
remain and a should be retracted, and if a and f3 are 
equally preferred then both a and f3 should be given up. 

fn the AGM Paradigm the most well known preference 
relations are families of selection functions [1], epistemic 
entrenchment orderings [6], systems of spheres [8], and 
rlice preorders on models [8, 9, 10, 12]. 

When an intelligent information system receives new in-
formation not only must it decide what information to 
iiscard and what information to keep, but it must also 
1etermine how its preferences should be modified. In 
more general terms, how its underlying preference rela-
~ ion should change. We refer to the process of chang-
:ng the underlying preference relation as a transmuta-
!ion [15]. Information systems that are intended to learn 
3bout their environment require a capacity for imple-
nenting transmutations. Transmutation~ focus on the 
:hanges at the underlying preference relation level rather 
;han at the information content level. Based on observa-
;ions made by Gardenfors [4] we generalized the work of 
)pohn and developed the idea of transmutations in [15]. 
)pohn introduced the process of conditionalization [14] 
.vhich is a constructive method for changing the underly-
ng preference relation of an information system. Spohn 
1rgues that conditionalization has various desirable char-
Lcteristics, for example it is commutative and reversible. 
:n [15] we introduced and examined an alternative trans-
nutation, namely an adjustment, and we showed that 
.he conditionalization of an information system captures 
L relative minimal change, whilst its adjustment provides 
m absolute minimal change procedure. 

~or completeness and to set the notation we briefly out-
ine the AGM Paradigm in section 2. In section 3, we 
iescribe a formal representation of an information sys-
.em and its corresponding information state. In section 4 
ve describe the transmutation of an information system, 
n particular two types of transmutations; conditionaliza-
,ions and adjustments. In section 5, we outline Spohn's 
iotion of reasons, and provide conditions which allow 
his notion to be defined using arbitrary transmutations 
md then using adjustments. In section 6 we illustrate 
hese definitions and results using a simple example, and 
n section 7 we make some concluding remarks. 

n order to model the various components of an infer-
nation system we adopt logic as the basis of our ab-
tract representations, and we begin with some technical 
~re!iminaries. Let L denote a countable language that 
ontains a complete set of Boolean connectives. We will 

,fa.intaining integrity means that the incorporation of informa-
ion should not lead to an inconsistent information state. 
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represent information using sentences in L which are de-
noted by lower case Greek letters. We assume Lis gov-
erned by a logic that is identified with its consequence 
relation 1-. The relation 1- is assumed to satisfy the fol-
lowing conditions2[4]: 
(a) If a is a truth-functional tautology, then 1- a. 
(b) If 1- a-+ f3 and 1- a, then 1- f3 (modus ponens). 
(c) 1- is consistent, that is, Jf.L, where .L denotes the 

inconsistent theory. 
(d) 1- satisfies the deduction theorem. 
(e) 1- is compact. 

The set of all logical consequences of a set I ~ L, that 
is {a : I 1- a}, is denoted by Cn(I). Information a is 
contingent if it is consistent and not tautological, that is, 
If -,a and If a. 
We represent an information state as a theory, where a 
theory is any subset of L closed under Cn. We represent 
the set of all information states by the set of logical theo-
ries denoted by S. A consistent complete theory contains 
either a or -,a but not both for all sentences a. We de-
note the set of consistent complete theories by W, and 
we represent world states by elements of W. 
We define [a] to be the set of all consistent complete 
theories that contain a. If a is inconsistent, then [a] = 
0, that is, no world state is inconsistent, and if a is a 
tautology, then [a)= W, that is, the tautologies hold in 
every possible world state. In this sense an information 
state I can be seen to be a view onto the set of possible 
world states such that [I) is the set of world states that 
contain,· and hence are consistent with, the information 
state. In other words, any world state w E [I] could 
be the actual world state according to the information 
state I, but I does not contain sufficient information to 
determine which one it is. We note the obvious property 
that the intersection of the world states in [I) is I itself, 
that is, I= n[I). If an information state I has complete 
information about the current world state then [I] is a 
singleton, and the information state is equivalent to the 
world state, that is, I= [I). 

2 The AGM Paradigm 
As noted earlier the AGM Paradigm has become one of 
the standard frameworks for modelling changes to repos-
itories of information. In the AGM Paradigm informa-
tion states are represented as logical theories, and in-
formational changes are therefore regarded as transfor-
mations on theories. There are three principal types of 
AGM transformations; expansion, contraction and revi-
sion. These transformations allow us to model changes 
of information based on the principle of minimal cltange. 
This principle comes into play when a system determines 
how to modify its information state, intuitively is says 
that in the face of change as little as possible of the cur-
rent information should be modified. 

2 Most standard logics such as propositional and first order sat-
isfy these requirements and hence they should not be seen as 
unduly restrictive. 
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Expansion is the simplest change, it is best adopted when 
modeling the incorporation of information which is con-
sistent with the current information state. The expan-
sion of an information state I with respect to a sentence 
a, denoted as I;t", is defined to be the logical closure of 
I and a, that is I;t" = Cn(I U {a}). 
A revision attempts to transform an information state as 
little as possible in order to incorporate information that 
may be in conflict with the current information state. 
Formally, a well-behaved3 revision operator • is any func-
tion from S x L to S, mapping (I, a) to I~ which satisfies 
(•1)- (•9), if* satisfies (*10) then it is very well-behaved 
[15]. 
(*1) For any a E L and any I E S, I~ E S 
(*2) a E I~ 
(*3) I;~ I;t" 
(*4) If ...,a(/. I then I;t" ~I; 
(* 5) I; =j_ if and only if r ...,a 
(*6) If r Q = f3 then I~= r; 
(*7) I:" 13 ~ U:)t 
(*8) If ...,p (/.I; then (I~)t ~ I:"f3 
(* 9) For every nonempty set r of nontautological sen-

tences, there exists a sentence a E r such that 
a (/. I~av-,{3 for every f3 E r . 

(•10) For every nonempty set r of nontautological sen-
tences, there exists a sentence a E f such that 
f3 (/. I~av-,p for every f3 E r. 

A contraction of an information state, I, with respect to 
a, denoted by I;;, involves the removal of information 
from I so that a is no longer implied. Formally, a well-
behaved contraction operator - is any function from S x L 
to S, mapping (I, a) to I;; which satisfies (-1)- (-9), 
if- satisfies (-10) then it is very well-behaved [15] . 

(-1) For any a EL and any I E S, I;; E S 
(-2) I;; ~I 
(-a) If a f/. I then I;; =I 
(-4) If V a then a f/. I;; 
(-5) I~ (I;;)t 
(-6) If r a::: f3 then I;; = Ij 
(-7) I- nr er a {3 - al\{3 
(- 8). If a f/: 1~,..13 then 1~,..13 ~ I;; 
(-9) For every nonempty set r of nontautological sen-

tences, there exists a sentence a E f such that 
a f/: 1~"f3 for every {3 E f . . 

(-10) For every nonempty set r of nontautological sen-
tences, there exists a sentence a E r such that 
f3 f/. 1~1\{3 for every f3 E r. 

The rationality postulates for contraction and revision 
circumscribe classes of operators they do not provide 

3 Peppas (11] introduced well-behaved revision based on well-
ordered systems of spheres, and we note that (•9) is not iden-
tical with the well-behaved postulate in (11], however the same 
family of revision operators is obtained. 
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a constructive method of selecting a particular opera-
tor. As highlighted earlier the standard constructions are 
based on preference relations - this issue will be taken 
up again in section 4. 
Contraction and revision are interdefinable, in particu-
lar well-behaved contraction and well-behaved revision 
are related by means of the Levi Identity, I~ = (1.::;-a)t, 
which defines a (very) well-behaved revision in terms 
of a (very) well-behaved contraction, and conversely by 
means of the Harper Identity, I;; = Inl~a• which defines 
a (very) well-behaved contraction in terms of a (very) 
well-behaved revision [1, 4, 6, 16]. 

3 Representing Information 
Systems and their States 

In this section we adopt the use of Spohn's informa-
tion rankings4 [14]. Information rankings are preference 
relations over information, and are commonly used as 
representations of information systems. 
An information state can be represented by the set of 
world states that match it. Using our previous example, 
we represent the information state concerning Bach as 
the set of all the (possible) world states in which Bach 
is a dalmatian, and all dalmatians are spotted. Based 
on this information alone the actual world state could 
conceivably be any one of these worlds. 

An information ranking is a preference relation on world 
states, and is achieved by mapping world states to ordi-
nals such that the higher the ordinal a particular world 
state is assigned the less plausible that world is. The 
set of worlds consistent with the information state are 
the most plausible and therefore they are mapped to the 
smallest ordinal, namely zero. 
An information ranking is a function that takes world 
states to ordinals where world states are represented by 
consistent complete theories. Intuitively, they define a 
ranking of plausibility on possible world states and in 
doing so they provide a response schema for all possible 
consistent information [14]. 

Formally, an information ranking is a function I from 
the set of all consistent complete theories, W, into the 
ordinals such that there is some element of W, assigned 
the smallest ordinal 0. The condition that at least one 
world state be assigned the smallest ordinal enforces the 
information state to be consistent, and it normalizes the 
smallest ordinal to zero. 
We denote the family of all information rankings by I. 
Intuitively an information ranking I E I represents a 
plausibility grading of possible worlds [4], the worlds that 
are assigned the smallest ordinal are the most plausible. 

Given an information ranking I and a nonempty set oi 
world states w ~ W we define I( w) to be the smallest 
ordinal assigned to the elements of w. More formally, we 
have I(w) = min{I(w): wE w}. 

4 Spohn calls his rankings conditional ordinal functions. 
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Fi_gure 1: Informational Input for Information Systems 

m information ranking I represents an intelligent in-
Jrmation system, and we define the information state 
epresented by I to be the information that is common 
o all the most plausible world states according to I, that 
,, those mapped to zero: state(I) = n{w: I(w) = 0}. 

s:finition: Given an information ranking I E I, for 
.ny nontautological sentence a, we say a is accepted with 
:rmness I([-,a]), and call 1((-,a]) the degree of acceptance 
f 0'. A sentence a is accepted if and only if a E state(I). 
f a and {3 are both accepted then a is more firmly ac-
epted than {3 if and only if either I([-,a]) > 1([-,,B]), or 
· a and If ,B. More generally, for nontautological sen-
mces a and ,B not necessarily in state(I), a is more 
iausible than ,B if and only if either I([-,a]) > I(hB]), 
r 1([,8]) > I([a]) [4]. 

\ turns out that state(I) = {a : 1([-,a]) > 0}, in other 
•ords, the information state encapsulated by I is the 
liormation whose degree of acceptance is greater than 
ero. 

~ Information Transmutations 
, transmutation is the process by which an informa-
on system is changed upon the receipt of new informa-
on. Since an information system is represented by an 
tformation ranking, the informational input for such a 
'Iange takes the form of an ordered pair, (w, i) where 
r is a set of world states and i is an ordinal. The inter-
retation given by GarJcnfors [4] of this is that w is the 
tformation to be accepted by the information system, 
nd i is the degree of firmness with which this infor-
tation is incorporated into the .transmuted information 
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system. For instance if we wish to accept the information 
a with degree i then the informational input would be 
([a], i); recall that [a] is the set of world states in which 
a holds. 
In this section we review some results given in [15] and 
show how transmutations of information systems charac-
terize both well-behaved revision and well-behaved con-
traction operators, and if the information ranking is fi-
nite then these operators are very well-behaved. In other 
words, transmutations characterize rational changes to 
an information state within the framework of the AGM 
Paradigm. 
We define the transmutation of an information system, 
below, as an operator that takes an information system, 
a nonempty strict subset of the world states in W and 
an ordinal to produce a new information system. 

Definition: 
We define a transmutation schema for information rank-
ings, •, to be a function from I x {2w\{0, W}} x 0 to 
I, where 0 is an ordinal, such that (I, w, i) ~----+ r(w, i) 
which satisfies: 

(i) r(w, i)(w) = i, and 

(ii) state(I•(w, i)) = 

{ 

n{w E w: I(w) = I(w)} 

n{w E W: either I(w) = 0 
or wE w with I(w) = I(w)} 

if i > 0 

otherwise 

We say I*(w, i) is a (w, i)-transmutation of! . .Kote that 
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the definition excludes a transmutation with respect to 
an empty set of worlds, hence a contradiction is not 
acceptable information. For technical convenience we 
also exclude transmutations with respect to the set of 
all worlds, in this way we restrict our attention to the 
principal case where the new information is contingent. 

Intuitively, (i) says, w is accepted with firmness i in the 
transmuted information system, and (ii) says if i > 0, 
then the transmuted information state is represented by 
the minimal w worlds, that is, the most preferred world 
states that contain w. If i = 0, then the transmuted 
information state is represented by the union of the min-
imal worlds (i.e. those that contain state(!)), with the 
minimal w worlds. 

For i > 0 and contingent information a, an ([a], i) -
transmutation of I results in a new information rank-
ing in which the minimal worlds in [a:] are mapped to 
zero, and a: is accepted with firmness i. It was shown 
in [15] that whenever i > 0 the transmutation of the 
information system I is a well-behaved revision, that 
is state(I*([a:],i)) = (state(!))~, and whenever i = 0 
then the transmutation of the information system I is 
a well-behaved contraction, that is state(I*([a:], i)) = 
(state(I));;. Furthermore, it was shown that I is fi-
nite if and only if the corresponding revision and con-
traction operators are very well-behaved. These obser-
vations are straightforward extensions of results of Grove 
[8], and Gardenfors [4] and are based on the work of Pep-
pas [11] and Williams [16). 

We noted earlier that Spohn's conditionalization, defined 
below, was a method of modifying an information sys-

Australian Journal of Intelligent Information Processing Systems 

tern, and based on observations by Gardenfors in [4] we 
showed that it is a transmutation in [15). More formally; 
for 0 -:f. w C W, and i an ordinal, I*(w,i) is an (w,i)-
transmutation of I. 

{ 

-l(w) + I(w) 
I*(w, i)(w) = 

-I(w) + I(w) + i 

ifw E w 

otherwise. 

Spohn [14) has argued that conditionalization, is a de-
sirable transmutation, for instance it is reversible and 
commutative. We showed in [15) that if W is finite then 
every transmutation can be achieved using a finite num-
ber of conditionalizations. Intuitively, conditionalization 
means that becoming informed about w does not change 
the grading of plausibility restricted to either w or w, 
rather the worlds in w and w are shifted relative to one 
another [4). 
In [15) we also described another transmutation, namely 
an adjustment. Intuitively, an (w, i)-adjustment, below, 
is a transmutation which is commanded by the principle 
of minimal change, that is, I is changed or disturbed as 
little as necessary to assign a set of worlds the degree of 
acceptance i. We showed that, for 0 -:f w C W, and 
i an ordinal, I*(w, i), where • is defined below, is an 
(w, i)-transmutation of I. 

{ 
r(w, i) 

I*(w,i) = 
(r(w, O))+(w, i) 

where, 

if i < I(w) 

otherwise. 
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r- (w, i)(w) = { i 
I(w) 

I+(w, i)(w) = { i 
I(w) 

5 Explanation 

if wE wand I(w) = I(w) 

otherwise. 

if wE wand I(w) < i 

otherwise. 

[n this section we demonstrate how transmutations of 
information systems can be used to capture notions of 
reason and explanation. 
for the purpose of illustrating his notion of a reason 
5pohn [13] used the following example; "I have two alarm 
:locks. That my first alarm is ringing gives me reason to 
lxpect that my second alarm will be ringing. The fact 
;hat my second alarm does not ring is evidence for me 
;hat I shall miss my appointment. And if I· would believe 
n the axiom of choice, I would thereby believe in a well-
jrdering of the real numbers. So, what does a reason do? 
~1y belief in a reason strengthens my belief in what it is 
L reason for." More precisely, Spohn gave the following 
iefinition [13]. · 
ru) a is a reason for {3 if and only if raising the degree 

of acceptance of a would raise the degree of accep-
tance of {3. 

Jlearly, the determination of this condition is dependent 
m the type of transmutation employed to change the in-
ormation ranking since the type of transmutation will 
letermine all changes in the degree of acceptance of in-
ormation. It can be argued that an adjustment is ap-
lropriate for determining reasons on the grounds that it 
s a transmutation which performs an absolute minimal 
:hange. In particular, every world state is reassigned 
~ new ordinal as close to its previous assignmeJ;It as is 
onsistent with the desired change. When the degree of 
• cceptance of a is increased during the determination of 
, reason it seems reasonable to require that this change 
listurb the current information system as little as possi-
ole. 

Villiams et al [19] distingished two types of reasons: (i) 
·rdinary reasons, for which raising the degree of a by 
ome amount leads to an increase in the degree of {3, and 
ii) strong reasons, for which raising the degree of a by 
:ny amount leads to an increase in the degree of {3. 

;iirdenfors was the first to recast Spohn's reasons into 
he framework of AGM Paradigm, and we follow his lead 
y rewriting {R1) using the notion of transmutation to 
apture both ordinary and strong forms of reason. Recall 
fl at the degree of acceptance of information a is given 
y the smallest ordinal assigned to the world states in 
rhich the information is not true, that is, I([-,a]). In 

Australian Journal of Intelligent Information Processing Systems 

25 

other words, a possesses a higher degree of acceptance 
or plausibility than {3 whenever I([-.{3]) < I([-,a]). 

(R2) Give~ an. information ranking I E I, a is a rea-
son for {3 if and only if I([-.{3]) < I*([a], i)([-,{3]) 
for some i > I([-.a]). 

(R3) Given an information ranking I E I, a is a strong 
reason for {3 if and only if I([-.{3]) < r ([a], i)([-,{3]) 
for all i > 1([-.a]). 

Theorems 1 and 45 , below, provide conditions that de-
scribe both reasons and strong reasons when the trans-
mutation employed is an adjustment. 
Theorem 1: Let I E I be an information ranking. 
Then a is a reason for {3 determined by an adjustment 
if and only if (i) 1([...,{3]) <I([ a 1\ -.{3]), and (ii) I([ a]) < 

I{[ a 1\ -.{3]). 

Theorem 1 says that a is a reason for {3 if and only if the 
most plausible world state containing -.{3 does not con-
tain a, and the most plausible world state containing 
a also contains {3. This is restated in terms of revision 
operators in the corollary below, where the revision op-
erator is constructed using a system of spheres [8] that 
corresponds to the information ranking, see (15] for de-
tails. 
Corollary 2: Let I E I be an information ranking. 
Then a is a reason for {3 determined by an adjustment 
if and only if (i) -.a E (state(!) )~p, and {ii) {3 E (state(!))~ 

where • is determined by the standard system of spheres 
construction based on the ordering given by I. 
Theorem 3: Let I E I be an information ranking. If 
a is a reason for {3 determined by an adjustment then 
I[-.a] ~ I{[-.{3]). 

Theorem 4: Let I E I be an information ranking. 
Then a is a reason for {3 determined by an adjustment 
if and only if (i) I([-,{3]) ~ I([-.a]) < I([ a 1\ -.{3]), and 

(ii) I((a]) <I( a 1\ -.{3]). 

This theorem is essentally equivalent to, and more per-
spicuously stated in, the following corollary. 
Corollary 5: Let I E I be an information ranking . 
Let reasons be determined by an adjustment. Then a is 
a strong reason for {3 if and only if a is a reason for {3 
and I{[-.o:]) = I([-.{3]). 
Williams et al [19] defined an explanation to be a non triv-
ial reason, that is, a is an explanation for {3 if and only if 
a is a reason for {3 and not logically equivalent to it. 
In the following definition a most plausible explanation 
is described as an explanation which is capable of in-
creasing the degree of acceptance of the explanandum 
as much as any other explanation during a transmuta-
tion. More formally, in our current context we have the 
following definition. 

5 These theorems are analogous to those given in [19] using an-
other represention and based on translations established in [15]. 
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De:finition: Let I E I be an information ranking. Let 
A be a set of explanations for (3. Define a E A to be 
a most plausible explanation for (3 if I* ([I], i)([--.(3]) ~ 
I*([a), i)([--.(3]) for all 1 E A, and for some ordinal i > 
I([-.a]) 
Let A be a set of strong explanations for (3. 
Define a E A to be a most plausible strong explanation 
for (3 ifi*(,,i)([--.(3]) ~ I*(a,i)([--.(3]) for all 1 EA, and 
for all ordinals i > I([-.a]). 

Theorem 6: 
Let • be an adjustment used for the determination of 
reasons. Let A be a set of (strong) explanations for a 
formula (3. Then a is a most plausible (strong) explana-
tion in A for (3 if and only if 1([1 I\ -,p]) ~ I([a I\ --.(3]) 
for all 1 EA. 

Theorem 6 demonstates that we can capture the notion 
of a most plausible explanation using the transmutation 
of an information system. In particular it says, that 
based on adjustments a is a most plausible explanation 
for (3 if and only if the most plausible world state con-
taining --.(3 and -.a is at least as plausible as world states 
that contain --.(3 and any other explanation. 

6 Examples 
We adapt the examples g1ven m [19) for information 
rankings. 

a: wet grass 
(3: water main is broken 
1: sprinkler is on 

6: it is raining 
7]: grass is under cover [3] 
rfo: E =me? 

The information a represents an observation while the 
other information may constitute possible explanations 
for this observation. 

Example 1: Let the information ranking I E I be such 
that 0 = 1([--.(3]), I([--.7]]), I([a]), I([-.,]), I([8]) < 1([6 I\ 
--.7]]), I([7J]), I([/]), I([-.a]), I([--.8]), 1([7JA.-.a]), I([rjJA.-.a), 
1([8 I\ 1J I\ ..,a]), I([[i]) < I([l I\ -.a]) < 1([(3 I\ -.a]) < 
I([8 I\ -.TJ I\ ..,a]) < 1([-,rfo]). 
The grass is uncovered, the sprinkler is off, and it 1s 
raining. 

-,p, --.,, 8, -,{j, 1], --.71, rjJ and -,rjJ are not reasons for a. 
a, (3, /, 8 I\ ...,11 are reasons for a. 
a and 6 A. ...,11 are both strong reasons for a. 
(3 is more plausible than 1 as an explanation for a. 
6 I\ -.TJ is the most plausible (strong) explanation for a. 

Example 2: Let the information ranking I E I be such 
that 0 = I([•[i]), I([-./]), I([a]), 1([(3]), 1([1]), 1([6]), 
I([--.8]), I([TJ]), I([--.71]) I([6A.-.71]) < I([-.a]),I([8A.fJA.-.a]) 
< 1([1/\--.a]) < 1([(3/\-,a]) < 1([6/\--.1]/\--.a]) < I([-,rfo]). 
It is not known whether the grass is covered, whether 
the sprinkler is on, or whether it is raining. 

-,p, __,,, 8, --.6, 1J, -.TJ, rjJ and -.rjJ are not reasons for a. 
a, (3, 1, 8 1\ -,TJ are reasons for a. 
a is the only strong reason for a. 
8 I\ --,1] is a more plausible explanation for a than (3 or 
I · 
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7 Related Work 
Williams et al [19) explored similar issues to those ad-
dressed herein using an entrenchment ranking rather than 
an information ranking. An entrenchment ranking is a 
mapping from the sentences in the language to the or-
dinals rather than from the set of consistent complete 
theories. Explicit connections between these structures 
and their corresponding transmutations are given in [15]. 
From a computational point of view entrenchment rank-
ings are superior to information rankings, however study 
of information rankings facilitates the understanding of 
transmutations due to their obvious semantic interpre-
tation. 

Connections between informational change and expla-
nation can be found in numerous works in the litera-
ture, for example Gardenfors [4), Boutilier and Becher 
[3). Gardenfors uses changes in probability, whilst we 
use changes in plausibility, and Williams et al [19] show 
that Boutilier and Becher's definition of a explains (3, is 
closely related to a is a reason for (3 based on adjust-
ments. In particular, if their explanations are based on 
a well-ordered CO revision model structure [2] then we 
have: 
a is a predictive explanation for (3 if and only if 
(i) a is a reason for (3, (ii) a Estate(!) iff {J Estate(!), 
and (iii) -.a E state(I) iff -.[J Estate(!). 

a is a hypothetical explanation for {J if and only if (i) a is 
a reason for (3, (ii) a, (3 et state(!), and 
(iii) -.a Estate(!) iff -.[J E state(I). 

a is a factual explanation for (3 if and only if (i) a is a 
reason for {J, (ii) a, {J Estate(!), and 
(iii) -.a E state(I) iff -.[J E state(!). 

a is a counterfactual explanation for {J if and only if 
(i) a is a reason for {J, and 
(ii) if {J Estate(!) then a Estate(!). 

It is not hard to see that hypothetical explanations are 
strong reasons since I([-.a]) = 1([--.[J]) = 0. 

These connections together with a discussion concerning 
the connections between Spohnian reasons and abduc-
tion can be found in [19). 

Gardenfors and Makinson [7] identified the class of con-
sistency preserving rational consequence relations and 
showed it to be a nonmonotonic inference relation. Non-
monotonic inference relations are denoted by f-- and of-- f3 
is read as if a is the case then we expect {J to be the case, 
or if a then normally {J. It turns out that Spohnian rea-
sons based on adjustments give rise to consistency pre-
serving rational consequence relations. In particular, ii 
we define af-- (3 to be a is a reason for {J based on an ad-
justment, then f- is consistency preserving and rational. 
Consequently, there exists a nice preference structure [7] 
and an expectation ordering [7] which induces reasons 
based on adjustments. Moreover, we can give the fol-
lowing intuitive interpretation of reason for in terms oi 
expectations. We can say that a is a reason for {J ii 
-.a V {J is strictly more expected than either -.a or (3, 

Winter1995 



and that er is a strong reason for (3 if er is a reason for (3, 
and er and (3 are equally expected. Similar readings can 
be given for plausibility and specificity. 

ln [18] Williams provides a comput.ational model for ?-d-
justments which can be used to Implement Spohman 
reasons, abductive, predictive, fa:ctual, hypo~hetJcal and 
counterfactual explanations. Th1s computatiOnal model 
is extended to include changing expectations and non-
monotonic inference relations in [20] . 

8 Discussion 
Transmutations of information rankings describe not only 
bow an information state is revised, but how an infor-
mation system is revised. In particular, transmutations 
modify an information system ~ithin the framework of 
the widely accepted AGM Paradigm; every well-behaved 
revision and every well-behaved contraction operator can 
be constructed via transmutations of information sys-
tems, and every transmutation characterizes a well-behaved 
change operator . 

It is possible to capture Sp?hn 's notio~ of reason usi~g 
transmutations. In fact a different notiOn of reason Will 
be characterized by every type of transqmtation . An 
adjustment is a trans~utati~n that i~volves an ~bsolute 
minimal change, that 1s, the mformat10n system IS mod-
ified as little as necessary to effect the desired change. 
For this reason we have argued that an adjustment is 
~n appropriate transmutation for determining explana-
tions because it seems reasonable to require that such a 
change disturb the current information sys~em as little 
as necessary. The suitabilitity of using an adJustment for 
Spohnian reasons is further supported by its perspicuous 
connection with abduction and its connection with the 
comprehensive work of Boutilier and Becher established 
in (19]. 

References 
[1] Alchourr6n, C., Gardenfors, P., ~akinson, D.,. On 

the Logic of Theory Change: Partzal Meet Functzon:s 
for Contraction and Revision, Journal of Symbohc 
Logic, 50: 510-530, 1985. 

[2] Boutilier, C., Revision Sequences and Nested Condi-
tionals, In Proceedings of International Joint Con-
ference on Artificial Intelligence, 1993. 

[3] Boutilier, C. and Becher V., Abduction as belief re-
vision Artificial Intelligence Journal (To Appear). 

[4] Gardenfors, P., Knowledge in Flux: Modeling the 
Dynamics of Epistemic States, MIT Press, Cam-
bridge Massachusetts, 1988. 

[5] Gardenfors, P., The Dynamics of Belief Systems: 
Foundations vs. Coherence Theories, Revue Inter-
nationale de Philosophie, 44:24-46, 1990. 

[6] Gardenfors, P., and Makinson, D., Revisions of Knowl-
edge Sy.~tems using Epistemic Entrenchment, Pro-
ceedings of the Second Conference on Theoretical 
Aspects of Reasoning About Knowledge, pp. 83-96, 
1988. 

[7] Gardenfors, P., and Makinson, D., Nonmonotonic 

Australian Journal of Intelligent Information Processing Systems 

27 

.Inference Based on Expectations, Artificial Intelli-
gence Journal 65, pp. 197-245, 1994. 

[8] Grove, A., Two Model/ings for Theory Change, Jour-
nal of Philosophical Logic 17:157-170, 1988. 

[9] Katsuno, H. and Mendelzon, A., On the Difference 
between Updating a Knowledge Base and Revising it, 
In Peter Gardenfors, editor, Belief Revision, pages 
183-203. Cambridge University Press, 1992. 

(10] Makinson, D., Five Faces of Minima/ity, Studia Log-
ica, 52: 339- 379, 1993. 

(11] Peppas, P., Belief Change and Reasoning about Ac-
tion , PhD Thesis, The University of Sydney, Aus-
tralia, 1993. 

[12] Peppas, P. and Williams, M.A., Constructive Mod-
elings for Theory Change, Notre Dame Journal of 
Formal Logic, Special Issue on Beleif Revision, (to 
appear). . 

[13] Spohn, W., Deterministic and Probabilistic Reasons 
and Causes, Erkenntnis 19:371-396, 1983. 

(14] Spohn, W., Ordinal Conditional Functions: A Dy-
namic Theory of Epistemic States, In Harper, W.L., 
and Skyrms, B. (eds), Causation in Decision, Belief 
Change, and Statistics, II, Kluwer Academic Pub-
lishers, pp . 105-134, 1988. 

(15] Williams, M.A., Transmutations of Knowledge Sys-
tems, in J. Doyle, E. Sandewall, and P. Torasso 
(eds), Proceedings of the Fourth International Con-
ference on the Principles of Knowledge Representa-
tion and Reasoning, Morgan Kaufmann, San Mateo, 
CA, pp. 619-629, 1994. 

[16] Williams, M.A., On the Logic of Theory Base Change, 
in Proceedings of the International Workshop on 
Logics in Artificial Intelligence, JELIA, Lecture Note 
Series in Computer Science, No. 835, Springer-Verlag, 
86 - 105, 1994. 

(17] Williams, M.A., Explanation and Theory Base Trans-
mutations, in the Proceedings ofthe European Con-
ference on Artificial Intelligence, pp. 341-346, 1994. 

[18] Williams, M.A., Iterated Theory Base Change: A 
Computational Model, International Joint Confer-
ence on Artificial Intelligence, Montreal, 1995, {to 
appear). 

[19] Williams, M.A., Pagnucco, M. , Foo, N., and Sims, 
B., Determining Explanations using Knowledge Trans-
mutations, International Joint Conference on Arti-
ficial Intelligence, Montreal, 1995, (to appear) . 

(20] Williams, M.A., Changing Nonmonotonic Inference 
Relations, in the Proceedings of the World Confer-
ence on the Theoretical Foundations of Artificial In-
telligence, Paris 1995, (to appear). 

Acknowledgements 
The author gratefully acknowledges Grigorios Antoniou, 
Norman Foo, Peter Gardenfors, Abhaya Nayak, Maurice 
Pagnucco, Pavlos Peppas, and Hans Rott for their very 
helpful discussions. This work was conducted under the 
auspices of the CIN Project. 

Winter 1995 



28 

On Propositional Knowledge Base Updates 

Yan Zhang 
Department of Mathematics, Statistics and Computer Science 

University of New England 
Armidale, NSW 2351, Australia 

E-mail: yan@neumann.une.edu.au 

Abstract 

It is well known that the minimal change prin-
ciple was widely used in propositional knowl-
edge base updates. However, recent research 
has shown that under some circumstances, the 
conventional minimal change methods were 
inappropriate for updating knowledge bases 
with disjunctive effects. In this paper we 
propose a new method for the knowledge 
base update based on a persistence principle, 
which provides conservative results for updat-
ing knowledge bases with implicit and disjunc-
tive effects. As it will be shown, our approach 
avoids the difficulty with the minimal change 
principle and can be also extended to derive 
preferred update solutions if more domain in-
formation is provided. To characterize prop-
erties of the persistence-based update method, 
we investigate the relationship between the 
minimal change update semantics and persis-
tent update semantics in detail. 

1 Introduction 

The knowledge base update has been widely studied in 
AI. It generally addresses the following question: given 
a knowledge base (i.e., a set of logical formulas as a 
description of the world), what changes may be caused 
by an occurrence of new knowledge and how to specify 
the new knowledge base when the old one has changed? 

Consider the following Scenario. Peter is a second 
year computer science student. When the semester be-
gan, he enrolled two computer science courses CS201 
and CS301. After two weeks, he decided to drop course 
CS301. However, the department rule requires that a 
second year computer science student must enroll at 
least two computer science courses with level 200 or 
300. That means, at least Peter has to enroll another 
computer science course with level 200 or 300. Suppose 
that in this semester, there are two 200 level courses 
CS201 and CS202 available, and two 300 level courses 
CS301 and CS303 available. Therefore, what Peter 
can choose is to do late enrollment in course CS202 or 
CS303. If the department maintains a knowledge base 
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of Peter's course enrollment information, then the gen-
eral question of updating such a knowledge base is how 
to specify the resulting knowledge base after something 
has changed within the old knowledge base (i.e., Pe-
ter dropped course CS301 and intends to enroll course 
CS202 or CS303). 

It is well known that the minimal change principle 
was employed in most formalizations of propositional 
knowledge base updates [7; 1; 6; 5]. In general, the 
minimal change principle says that during a state tran-
sition, the change between states should be as little as 
possible. In the above Peter's course-enrollment exam-
ple, after dropping course CS301, according to the min-
imal change principle, Peter would like to enroll one of 
CS202 or CS303, but not both. This seems reasonable 
since to satisfy the department law, Peter only needs 
to enroll one more course with level 200 or 300. In this 
case, the minimal change gives the right result. 

However, recent research has revealed that under 
some circumstances, such minimal change was inappro-
priate for representing state change with disjunctive ef-
fects. The following example illustrates the diffi.culty1 . 

Suppose a table is painted with one part white and one 
part black. Therefore, a box on the table implies that 
it may be entirely within the white .region, or within 
the black region, or touching the both regions. This 
constraint can be expressed by a logical formula like: 

Ontable(Box) :J Inwhite(Box) V Inblack(Box). (1) 

Suppose initially a box is not on the table, and after a 
while, the box is put on the table. Using the minimal 
change principle, however, the fact that the box is put 
on the table will imply that the box must be only within 
one of white or black region. Obviously, this solution 
is not reasonable from our intuition. 

In this paper we propose a new method for preposi-
tional knowledge base updates based on a persistence 
principle, which provides conservative results for up-
dating knowledge bases with implicit and disjunctive 
effects generally. As it will be shown, our approach 
avoids the difficulty with the minimal change princi-
ple. Under some specific situations, to get more plau-

1This example was suggested by Ray Reiter and dis-
cussed in [4]. A similar example was also proposed by Zhang 
and Foo in [8]. 
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sible solution for updates, we argue that more domain-
dependent information is needed generally. Based on 
this idea, we show that our method can be also ex-
tended to derive preferred update solutions if more do-
main information is provided. To characterize prop-
erties of our persistence-based update method, we in-
vestigate the relationship between the minimal change 
update semantics and persistent update semantics in 
detail. 

The paper is organized as follows. The second sec-
tion proposes a persistent semantics for updates. The 
third section discusses implicit and disjunctive effects 
of updates. The fourth section extends the method 
to derive the preferred update result. The fifth sec-
tion compares our persistent update semantics with 
minimality-baed update semantics in detail. Finally, 
the sixth section concludes the ·paper with some dis-
cussion. 

2 A Persistent Semantics for Updates 
2.1 The Language 
Consider a finitary propositionallanguage C. We rep-
resent a knowledge base by a propositional formula 'lj;. 
A propositional formula rjJ is complete if rjJ is consis-
tent and for any propositional formula p., rjJ I= p. or 
rjJ I= '1-L· Models('lj;) denotes the set of all models of 
'lj;, i.e., all interpretations of C in which 'ljJ is true. We 
also consider state constraints about the world. Let C 
be a satisfiable propositional formula that represents 
all state constraints about the world2• Thus, for any 
knowledge base 'lj;, we require 'ljJ I= C. Let I be an in-
terpretation of£. We say that I is a state of the world 
if I 1= C. A knowledge base 'ljJ can be treated as a 
description of the world, where Models(?j;) is the set of 
possible states of the world with respect to 'lj;. 

Let 'ljJ be the current knowledge base and p. a propo-
sitional formula which is regarded as a new knowledge 
(information) about the world. Then, informally, the 
general question of updating 'ljJ with p. is how to spec-
ify the new knowledge base after combining the new 
knowledge (information) p, into the current knowledge 
base 'lj;. In Peter's course-enrollment example, the con-
straint that a second year student must enroll at least 
two CS courses with level 200 or 300 may be expressed 
by a formula C: 

(Enrolled(CS201) V Enrolled(CS202)V 
Enrolled(CS301))!\ 
(Enrolled(C8201) V Enrolled(C8202)V 
Enrolled( C 8303) )I\ 
(Enrolled(C8201) V Enrolled(C8301)V 
Enrolled( C 8303) )/\ 
(Enrolled(C8202) V Enrolled(CS301)V 
Enrolled(C8303)). 

then the initial knowledge base of Peter's course-
enrollment can be represented by formula 'ljJ = 

2Usually, we use a set of formulas to represent state con-
straints. In this case, C can be viewed as a conjunction of 
all such formulas. 
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Enrolled(CS201) !\ Enrolled(C8301) !\ C, and the 
new knowledge is p. = •Enrolled(C8301) !\ 
(Enrollt;!d(C8202) V Enrolled(C8303)). So, the ques-
tion is: what is the new knowledge base of Peter's 
course-enrollment after updating 'ljJ with p.. 

2.2 Updating States 

In order to deal with propositional knowledge base up-
dates properly, we first consider state updates. As it 
will be shown next, in our formalism, updating knowl-
edge base 'ljJ with p, is defined by updating all possible 
states of 'ljJ with p., and this is achieved by the per-
sistence principle. Informally, the persistence principle 
says that a fact persists during a state transition if it is 
logically irrelevant to those facts that must change or 
are subject to change during this state transition. Note 
that the persistence principle provides a general princi-
ple for modeling state change. We have shown that this 
principle can be effectively applied in reasoning about 
action and temporal reasoning [8; 11], and can be used 
to derive state constraints from action specifications [9; 
10]. As we will show in this paper, the persistence 
principle can be also used to formalize propositional 
knowledge base updates. 

Before we present the following formal definitions, 
we first introduce some useful concepts. Let E be a 
set of formulas and f a propositional literal (positive 
or negative propositional letter). We say that E is a 
minimal support set of f if (i) E I= f; {ii) f r/. E; 
and (iii) there does not exist a proper subset E' of E 
such that E' I= f. Let fr and h be two propositional 
literals. We say that disjunction fr V h is non-trivially 
entailed byE if (i) E I= fr V ]2; (ii) E ~ ft and E ~ ]2. 
In this case, we also call that disjunction fr V h is non-
trivial with respect to E3 . 

Definition 1 Let I be a state of the world, i.e., I I= C, 
p. a propositional formula and consistent with C. We 
define the persistent set of I with respect to p., denoted 
as tl(I, p.), as follows: 

1. Llo =I- {f I f Eland {p.} U C I= •!}, 
2. tl1 = Llo- {Jr, .. ·,fk I {p.}UC I= v:=1[--.]!i 

where {il, ... 'fk} 5; I, c ~ v:=1Hfi and for 
any proper subset M of N = {1, · · ·, k} {p}UC ~ 
ViEM(o]]j}, 

3. tli = Lli-1 - {f I f E I, {p.} U C ~ f, and for 
every minimal support set F of f in I, there exists 
at least one element ofF, f', which is in I- tli-1}, 

The persistent set tl(I, p.) of I is defined as 
tl(I,p,) ={fIfE I and tl U C I=!}. 

The notation [•] means that the negation sign --, may 
or may not appear. 0 

3 This definition can be easily extended to any disjunc-
tion with more than two prepositional literals. 
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We now explain this definition in detail. Consider a 
state of the world I and a formula p. where p. is con-
sistent with C. Obviously, after updating I with p., 
a fact f in I must change if f is inconsistent with p. 
with respect to C, i.e., {p.} U C f= -.f. We call such 
a fact non-persistent with respect to p. (i.e., condition 
1 in the above definition). On the other hand, sup-
pose there exists some fact f where f or its negation 
-.J appears in a non-trivial disjunction with respect to 
{p.} U C, we say that f is indefinitely affected by p.. The 
intuitive meaning of an indefinite effect is that after up-
dating I with p., the satisfaction of p. (together with C) 
in the resulting state may or may not cause a change 
of the truth value of f, but we do not know which is 
the case (i.e., condition 2). Moreover, for a fact J, if 
for every minimal support set Fin I of J, there exists 
some fact in F which is non-persistent or indefinitely 
affected by p., then we say that f is implicitly affected 
by p.. Because after updating I with p., I may lose its 
support. In this case, it is incautious to assume that 
f persists. Furthermore, this rule is used recursively: 
a fact f is implicitly affected by p. if for every mini-
mal support set F in I of f, there exists some fact in 
F which is implicitly affected by p. (i.e., condition 3). 
We call those facts that are indefinitely or implicitly 
affected by p. mutable. Thus, a fact in I must persist 
if it is neither non-persistent nor mutable. We take all 
such facts to form the persistent set, as presented in 
the above definition (condition 4). 

So far, the possible state resulting from updating I 
with p. is defined as follows. 

Definition 2 Let I be a state of the world, i.e., I f= C, 
and p. a propositional formula that is consistent with 
C. An interpretation I' of C is a possible state of the 
world resulting from updating I with p., iff 

1. I' F c, 

2. I' f= p., and 

3. D..(I, p.) ~ I'. 

Denote the set of all possible states of the world result-
ing from updating I with p. as Update(I,p.). 0 

2.3 Updating Knowledge Bases 
Based on definitions of state updates, we can define the 
persistence-based update operator <>psa (persistent set 
approach) as follows. 

Definition 3 Let 1/J be a knowledge base, p. a propo-
sitional formula. 1/J <>psa p. denotes the persistent update 
of 1/J with p.4 , where 

1. If 1/J implies p. or 1/J is inconsistent then 1/J <>psa p. = 
1/J, otherwise 

2. Models('l/J<>vsaP.) = UIEModels(t/1) Update(I,p.). 0 

4Here we only consider the well-defined update, that is, 
/-Lis consistent with C. 
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In the above definition, condition 1 says that if 1/J 
implies p., then nothing is changed since the knowledge 
p. has been represented by knowledge base 1/J; or if 1/J is 
inconsistent, then any update can not change it into a 
consistent knowledge base. Condition 2 says that if 1/J 
is consistent and does not imply p., then 1/J should be 
changed, and this change follows the persistence prin-
ciple as defined previously. 

3 Implicit and Disjunctive Effects of 
Updates 

From the previous discussions, we can see that our per-
sistent set approach (PSA) is based on a conservative 
principle for representing state change, and this is re-
flected in the policies of representing the implicit and 
disjunctive effects of updates in the persistent update 
approach. 

Continue considering Peter's course-enrollment ex-
ample presented previously. Suppose that there are two 
constraints in the course-enrollment domain: someone 
enrolled course CS202 implies that she/he is preparing 
to study course CS303; and someone enrolled course 
CS204 also implies that she/he is preparing to study 
course CS303. Thus, the constraints C is the conjunc-
tion of the following two formulas: 

Enrolled(C8202) ::J Prestudy(C8303), (2) 

Enrolled(C8204) ::J Prestudy(C8303). (3) 

We also assume that there is one more course CS204 
available in the semester. Currently, Peter enrolled 
courses CS201 and CS202, but did not enroll course 
CS204. So, the knowledge base of Peter's course-
enrollment is 

1/J = Enrolled(C8201) 1\ Enrolled(C8202) 1\ 
-.Enrolled(C8204) 1\ C. 

Clearly, 1/J f= Prestudy(C8303). Now, Peter decides to 
drop course CS202. So, the department administrative 
assistant needs to update 1/J with -.Enrolled(C8202). 
The question is: does Peter still prepare to study course 
CS303? 

Of course, updating 1/J with -.Enrolled(C8202) has 
an implicit effect on proposi-
tional letter Prestudy( C 8303) because of constraint 
(2). It seems that if there is no more information, 
we cannot predict the truth value of Prestudy( C 8303) 
in the resulting knowledge base definitely. If we pre-
dict that Prestudy(CS303) is still true after updating 
1/J with -.Enrolled(C8202) (as the policy of the mini-
mal change principle), it means that dropping course 
CS202 does not affect Peter's intention of studying 
CS303. This seems unreasonable if the reason of drop-
ping CS202 is indeed that Peter does not want to study 
CS303. If we predict that Prestudy(CS303) is false 
after updating 1/J with -.Enrolled(C8202) (as in foun-
dational theory, eg. TMS [2]), on the other hand, it 
seems that dropping CS202 certainly implies that Pe-
ter does not want to study CS303. However, constraint 
(2) does not imply such information. 
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From our persistence principle, since there is no fur-
ther information, we can only state that the truth value 
of Prestudy(CS303) is mutable after updating t/J with 
-.Enrolled(CS202). Thus, using the persistent update 
approach, we have the following result: 

t/J <>psa •Enrolled(CS202) = 
Enrolled(CS201) 1\ -,Enrolled(CS202) 1\ 
-,Enrolled(CS204) 1\ C. 

Now, let us consider the disjunctive effect of update. 
Suppose we change the constraint C as follows: 
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which says that a cup is liftable if it is on the table. 
Suppose initially the cup is on the table. Obviously, 
the cup is liftable because of constraint (5). We assume 
that after some time, the cup is no longer on the table. 
According to our persistence principle, the fact that 
the cup is liftable is then becomes unknown (mutable). 
But this solution is not so intuitive because a cup's 
position generally does not affect its liftability. 

In the above situation, we would prefer the fact that 
the cup is liftable being persistent rather than mutable. 
Obviously; to derive a preferred update result, we need 
more domain information, and we should have a way to 

Prestudy(CS303) :::> Enrolled(CS202)VEnrolled(CS204).combine the domain-dependent information with our 
( 4) persistence principle so that the preferred update result 

Currently, Peter enrolled courses CS201 and CS301, can be derived. 
but did not enroll courses CS202 and CS204 since he To achieve this aim, we extend our propositionallan-
did not prepare to study CS303. Thus, the knowledge guage C as follows. Formally, all propositional let-
base of Peter's course-enrollment is: ters of language £ are divided into disjointed layers 

t/J = Enrolled(CS201) 1\ Enrolled(CS301) 1\ 
-.Enrolled( C 8202) 1\ -.Enrolled( C 8204) 1\ 
-.Prestudy(CS303) 1\ C. 

After two weeks of the semester beginning, Peter de-
cides to prepare to study CS303. Thus, the depart-
ment administrative assistant needs to update t/J with 
Prestudy(CS303). Now, the question is: does Peter 
enroll in course CS202 or course CS204? 

From (4), we know that at least Peter has to en-
roll one of courses CS202 and CS204, but we do 
not know which one. In this situation, according 
to the persistence principle, in the resulting knowl-
edge base, both the truth values of Enrolled(CS202) 
and Enrolled(CS204) are indefinite. That is, updat-
ing t/J with Prestudy(CS303) has indefinite effects on 
Enrolled(CS202) and Enrolled(CS204). Using the 
persistent update approach, we have the following re-
sult: 

t/J <>psa Prestudy(CS303) = 
Enrolled(CS201) 1\ Enrolled(CS301) 1\ 
Prestudy( C 8303), 

which implies that to prepare to study course CS303, 
Peter enrolled course CS202, or course CS204 or both. 
Note that in this case, the minimal change gives so-
lution: Peter enrolled one of CS202 or CS204, but 
not both. In this situation, this result seems also 
reasonable although the former solution given by the 
persistence-based approach is more conservative. 

4 Deriving Preferred Update Solutions 
In previous sections, we have shown that the persis-
tent update approach gives conservative results dur-
ing knowledge base updates, and this is normally safe 
to represent the implicit and disjunctive effects of up-
dates. However, sometime the conservative principle 
also gives unintuitive results in knowledge base up-.. • 

'· dates. For instance, consider a domain in which there · 
is a constraint 

Ontable(Cup) :::> Liltable(Cup), (5) 
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1, · · ·, n. For any letter I, let L(f) denote the num-
ber of f's layer. Generally, for any two letters it and 
h, if L(fl) > L(h), we will interpret that it is more 
persistence-prioritized than h, that is, (i) if both it 
and h are indefinitely affected by the update, we will 
consider that h is easier to change than it; (ii) if h 
is supported by l1, then changing it will cause h to 
change if h has no other supports. We present the 
definition of the preferred persistent set as follows. We 
also need to give the preferred non-persistent set ex-
plicitly in order to define the preferred update result 
properly. 

Definition 4 (Preferred persistent set) Let I be 
a state of the world, J..L a propositional formula and 
consistent with C. We define the preferred persistent 
set of I based on the propositionalletter layer, denoted 
as Ap(I,p), as follows. 

1. Ao =I-{! If E I and {J..L} U C f= •/}, 
2. A1 = Ao - {! I there exists a set of lit-

erals {it,···, lk} £; I such that (i) f E 

{11, · · ·, lk}, and {J..L} u c F= V~=1 Hii where 
C ~ V~=d•]li, (ii) for any proper subset M 
of N = {l,···,k}, {J..L} U C ~ ViEMHfi, (iii) 
L(f) = min{L(it), · · ·, L(fk)} }, 

3. Ai = Ai-l - {! I I E ~-'• {t-t} U C ~ /, and for 
every minimal support set F of I in I, there exists 
at least one element ofF, f', which is in I- Ai-l 
such that L(JI) > L(f)}, 

4. Let A = n:o Ai. Then Ap(I, t-t) = {! I I E I 
and AUC f= !}. D 

Definition 5 (Preferred non-persistent set) Un-
der the same condition as above, the non-persistent set 
based on the propositionalletter layer AN(I, t-t) is de-
fined as follows. 

1. A~={! I I E I and {t-t} U C f= ...,!}, 

2. A~ = A~_1 U {! I I E So - A~_1 - Ap(I, t-t), 
and for every minimal support set F of f in I, 
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(i) {J.t} U C ~ f, (ii) there does not exist some 
fp E tlp(l, J.t) such that •(6.~_ 1 U {!}) U C 
1= •fp5 , (iii) there exists at least one element of 
F, J', which is in 6.~_ 1 such that L(f') > L(f)}, 

3. tlN(I, J.t) = u:o lli. 0 

Let us examine Definition 5 a little more closely. 
Condition 1 is clear, i.e., any fact which is inconsistent 
with J.t is non-persistent. In condition 2, (i) and (ii) 
guarantee the consistency between the preferred non-
persistent set and the preferred persistent set, while 
(iii) says that fact f depends on at least one preferred 
non-persistent fact and its propositionallayer is greater 
than f's. 

Therefore, the state I is divided into three disjointed 
parts: preferred persistent set tlp (I, J.t), preferred non-
persistent set tlN(I, J.t) and preferred mutable set I -
tlp(l, J.t) - tlN(l, J.t). 
Definition 6 (Preferred resulting state) An inter-
pretation I' is a preferred resulting state of the world 
after updating I with J.t, if 

1. I' I= C, 

2. I' I= J.t, and 

3. tlp(J, J.t) U --,flN(J, J.t) ~ J' 6
• 

We denote the set of all preferred resulting states as 
Updatep(l, J.t). o 

Now we can define the preferred persistent update 
operator as follows. 

Definition 7 Let 1/J be knowledge base, J.t a proposi-
tional formula and consistent with domain constraints 
C. 1/J <>ppsa J.t denotes the preferred persistent update of 
1/J with J.t, where 

1. H 1/J implies J.t or 1/J is inconsistent then 1/J <>ppsa J.t = 
1/J, otherwise 

2. Models('l/J<>ppsaJ.t) = UJEModels(1/l) Updatep(l,J.t). 
0 

The following theorem represents the relation be-
tween <>psa and <>ppsa· 
Theorem 1 Let 1/J be a knowledge base, J.t a proposi-
tional formula and consistent with domain constraints. 
Then 1/J <>ppsa J.t I= 1/J <>psa J.t. 0 

Consider Peter's course-enrollment example once 
again, where domain constraints are (2) and (3). 
Suppose we like to express the information that 
if someone does not enroll courses CS202 and 
CS204, then it implies that he/she does not in-
tend to study course CS303. This can be specified 
by L(Enrolled(CS202)) = L(Enrolled(CS204)) > 
L(Prestudy(CS303)). Suppose that the current 
knowledge base is 

5 ·.6. = {•I I I E .6.}. 
6Note that •.6.N(l,J.t) = {•I I I E .6.N(l,J.t)}. 
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1/J = Enrolled(CS201) A Enrolled(CS202) A 
•Enrolled(CS204) A C. 

Then after updating 1/J with •Enrolled(CS202), the 
preferred resulting knowledge base is 

1/J <>ppsa •Enrolled(CS202) = 
Enrolled(CS201) A •Enrolled(CS202) A 
•Enrolled(CS204) A •Prestudy(CS303) A 
c, 

while using the previous method presented in section 
2, the truth value of Prestudy( C 8303) in the resulting 
knowledge base is indefinite. 

5 Persistent Update and Minimal 
Change 

In this section, we will compare the persistent update 
approach with some well known minimality-based ap-
proaches in detail. 

5.1 Winslett's PMA 
We first briefly review Winslett 's possible models ap-
proach (PMA) [7]7. Similarly, in the PMA, a descrip-
tion of the world (knowledge base) is represented by 
a set of propositional formulas (or take the conjunc-
tion of the set of formulas), denoted as 1/J. Domain 
constraints about the world is represented by a subset 
C of 1/J. All models of 1/J are called possible states of 
1/J. Then updating 1/J with a formula J.t is achieved by 
updating every possible state of 1/J with J.t, but with a 
minimal change principle on models. 

Formally, let 11 and !2 are two interpretations, we 
say that !1 and J2 differ on propositional letter f if 
f appears in exactly one of l1 and !2. Dif f(h ,!2) 
denotes the set of all different propositional letters 
between 11 and h Then updating a model I of 
1/J with J.t by the PMA generates a set of interpre-
tations, Incorporate(!, J.t), such that for each I' E 
Incorporate( I, J.t), 

1. J.t and each formula in C are true in I'; 

2. for any I" satisfying 1, Dif f(I, I") ~ Dif f(I, I') 
implies I" = I'. 

Finally, updating 1/J with J.t, denoted as 'lj; <>pma J.t, is 
defined as 

Models('ljJ <>pma J.t) = 
UIEModels(1/l) Incorporate(!, J.t). 

Recall the box example presented in section 1, the 
initial knowledge base (the box is not on the table) can 
be represented by the formula 1/J = •Ontable(Box) 1\ 

•lnwhite(Box) A -.Inblack(Box) A (1). Now the box 
is dropped on the table. Consider updating 1/J with 
J.t = Ontable(Box) by using the PMA. From the above 
definition, we have the following result: 

7Here we simplify the PMA to the propositional case in 
order to compare it with our approach consistently. 

Winler1995 



'1/J <>pmaJ.L = Ontable(Box) A(l)A 
((Inwhite(Box) t\ -.Inblack(Box)) V 
(-.Inwhite(Box) t\ Inblack(Box))), 

which says that the box can only be entirely within 
the white region or black region, but not both. Using 
our method presented in section 2, we have a more 
plausible result: 

'1/J <>psa J.L = Ontable(Box) t\ (1) t\ 
(Inwhite(Box) V Inblack(Box)), 

which says that the box can be entirely in the white or 
black region, or touching both regions. 

From the above discussion, we can see that the PMA 
and our our persistence-based method are quite dif-
ferent. But it should be noted that both of them are 
state-based, i.e., updating a knowledge base is achieved 
by updating every possible state of the world. Hence, 
we can compare these two approaches by examining 
their differences in updates on states. We first con-
sider mutable sets obtained from these two methods 
respectively. 

Let I be a possible state of '1/J, G the set of state 
constraints about the world, J.L a propositional formula, 
and A(I, A) the persistent set of I with respect to J.L 
obtained by Definition 1. Obviously, the non-persistent 
set (i.e., facts that must change) of I with respect to J.L 
obtained by both the PSA and PMA is as follows 

r(I, J.L) = {! I f E I and {J.L} u G F= -.!} . 

The mutable set obtained from the PSA is 

dpsA (I, J.L) = I - A(I, J.L) - r(I, J.L). 

Since in the PMA, n Incorporate(!, J.L) is the set of all 
facts that are true in every possible model. Therefore, 
the mutable set obtained from the PMA is 

dPMA(I,J.L) = I - nincorporate(l,J.L) 
r(I,J.L). 

Definition 8 Let I be a possible state of '1/J, G the set 
of state constraints about the world, F ~I and f E I. 
We say that F influences f, if there exists a minimal 
support set I: of f with respect to G in I, such that 
F ~ 1:. D 

Directly from the above definition, we know that if 
F influences f, then for any non-empty subset F' of F, 
F' influences f. We say that F uniquely influences f if 
there exists a unique minimal support set I: off with 
respect to G in I such that F ~ 1:. Suppose c5 and F 
be two subsets of I, we say that c5 is influenced by F if 
for every f E 8, f is influenced by F. 

Theorem 2 the following results hold. 

1. IT dpsA(I,J.L) - 8PMA(I,J.L) "1- 0, then for any fact 
f E dpsA (I, J.L) - dpMA(I, J.L), f is influenced by 
some subset of r(J, J.L) or indefinitely /implicitly af-
fected by J.Li 

I 
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2. If 8PMA(I,J.L) - dpsA(l,J.L) # 0, then for any fact 
f E 8PMA (I, J.L) - dpsA (I, J.L), f is neither uniquely 
influenced by any subset of r(I, J.L) nor indefi-
nitely /implicitly affected by J.L. D 

The above theorem simply says that each mutable 
fact obtained by the PSA is influenced by some non-
persistent facts, or indefinitely /implicitly affected by 
J.L· In other words, during a knowledge base update, 
by the PSA, every fact that may change must have 
some logical relation(s) to those facts that may or must 
change, while by the PMA there may be some facts 
which have to change without any logical reasons. 

5.2 Katsuno and Mendelzon's Update 
Semantics 

The motivation of Katsuno and Mendelzon's proposal 
for update is an observation on the difference between 
revision and update, as they discussed in [6; 5]. let 'lj; 
be a knowledge base and J.L a formula. Then Katsuno 
and Mendelzon presented the following eight postulates 
that, as they argued, should be satisfied by any update 
operator o. 

(Ul) 'lj; <> J.L implies J.L· 
(U2) If 'lj; implies J.L then 'lj; <> J.L = 1/J. 
(U3) IT both 1/J and J.L are satisfiable then '1/J<>J.L 
is also satisfiable. 
(U4) If '1/Jt = 'I/J2 and J.Lt = J.L2 then 1/Jt <> J.Lt = 
1/J2 <> J.L2. 
(U5) ('1/J <> J.L) t\ ljJ implies 'lj; <> (J.L t\ l/J). 
(U6) If '1/J <> J.Lt implies J.L2 and 1/J <> J.L2 implies 
J.Lt then '1/J <> J.Lt = '1/J <> J.L2. 
(U7) If 'lj; is complete then (1/J <> J.Lt) t\ ('1/J o J.L2) 
implies '1/J <> (J.Lt V J.L2). 
(U8) (1/Jt V1/;2)oJ.L:= ('1/Jt<>J.L) V('I/J2<>J.L). 

In fact, Katsuno-Mendelzon's update postulates 
characterize the update semantics for a class of update 
operators that are based on the principle of minimal 
change in knowledge base updates. For instance, the 
PMA update operator <>pma satisfies all postulates (Ul) 
- (U8). Here, we will examine the relations between our 
persistent update semantics and Katsuno-Mendelzon's 
update semantics by investigating the satisfiability of 
Katsuno-Mendelzon's update postulates under our per-
sistent update semantics. We first give the following 
result. 

Theorem 3 The persistence-based update operator 
<>psa satisfies Katsuno-Mendelzon's postulates (Ul) -
(U4), (U6) and (U8). D 

Generally, (U5) and (U7) are not satisfied under the 
persistent semantics because the intuitive meaning of 
(U5) and (U7) is to represent a minimal change for 
update while the persistent update does not follow this 
principle generally. This can be shown by the following 
example. 
Example 1. We first show that (U5) is not satisfied 
under the persistent update. Consider a propositional 
language £ where there are six propositional letters 
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a, b, c, d, e and I. Assume the set of constraints C is 
presented as follows: 

{a ::J c, b ::J c V e, cAd ::J !}. 

Let 1/J be a knowledge base where 1/J = a A •bAcAdAeAI, 
J.t = b and 41 = a. Since 1/J is complete, there is only 
one model of 1/J, say I, 

I= {a,•b,c,d,e,l}. 

Now consider two updates of 1/J with J.t and J.tA41 respec-
tively. Obviously, •b is non-persistent with respect to 
J.t = b. Since {b} U C f= c V e, c and e are indefinitely 
affected by b. Again, since { c, d} U C f= I and c is 
indefinitely affected by b, it follows that I is implicitly 
affected by b. Hence, only a and d are persistent with 
respect to J.t· On the other hand, c and e are persis-
tent with respect to J.t A 41 = a A b. Note that although 
{a Ab} U C f= c V e, {a A b} U C f= c. So c V e is a trivial 
disjunction with respect to {aAb}UC. That is, neither 
of c and e is indefinitely affected by a 1\ b. However, 
since {a A b} U C f= c, and c ::J •d V I, it follows that 
{a 1\ b} U C f= •d V I. So both d and I are indefinitely 
affected by a A b. Thus, in accordance with Definition 
I, we have 

!:l.(I, J.t) = {a, d}, and 
!:l.(I, J.t A 41) = {a, c, e }. 

Let I' be a state where 

I'= {a, b, c, d, •e, 1}. 

It is easy to verify that I' E Update(!, J.t) n M odels(41), 
but I' f!. Update( I, J.t A 41), that is (1/J <>pas J.t) A 41 does 
not imply 1/J <>psa (J.t A 41). 

Now let us consider (U7). In the same language£, 
suppose the set of constraints C is 

{a ::J •c, a ::J b V e, b ::J c V I, b ::J a V d}. 

Let 1/J = •a A •b A c A d A e A I, /-tl = a and J.£2 = b. 
Again, since 1/J is complete, there is only one rriodel of 
1/J, I, where 

I= { •a, -,b, c, d, e, 1}. 

Consider three updates of 1/J with J.£1, J.t2 and J.£1 V J.£2 
respectively. Omitting the details, we have 

!:l.(I,J.£1) = {d, !}, 
!:l.(l,J.£2 ) = {e}, and 
!:l.(l,J.t1 V J.£2) = {c,/}8 • 

Consider a state I', where 

I' = {a, b, •c, d, e, 1}. 

81-1.1 V p,a =a V b. Notice that {a V b} U C f= b V e and 
{a V b} U C f= a V d, and both b V e and a V d are non-trivial 
disjunctions with respect to {a V b} U C. Hence all of a, b, d 
and e are indefinitely affected by a V b. 
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We can verify that I' E Update(l,J.ti) n Update(I,p,2 ), 

but I' f!. Update(l,J.£1 V P,2)9 . That is, (1/J <>psa J.t1) A 
(1/J <>psa J.£2) does not imply 1/J <>psa (J.tl V J.£2)· D 

Although the persistent update operator does not 
satisfy the postulates (U5) and (U7) in the general case, 
we have the following theorem, which says that under 
some restrictions, (U5) and (U7) can be satisfied by 
the persistent update operator. 

Theorem 4 The following results hold. 

(U5') If 1/J <>psa J.t f= H41 but 1/J ~ 41, then 
( 1/J <>psa J.t) A 41 implies 1/J <>psa (J.t 1\ 41). 
(U7') If 1/J <>psa J.£1 F HJ.tz (or 1/J <>psa /-t2 F 
HJ.£1), then ( 1/J <>psa /-t1) 1\ ( 1/J <>psa J.t2) 

implies 1/J <>psa (J.£1 V J.£2)· D 

5.3 The AGM Revision 
Katsuno and Mendelzon proved that the AGM revision 
postulates [3] are equivalent to the following postulates 
[6]: 

(RI) 1/J o J.t implies J.t. 
(R2) If 1/J A J.t is satisfiable then 1/J o J.t = 1/J A J.t. 
(R3) If J.t is satisfiable then 1/J o J.t is also sat-
isfiable. 
(R4) If 1/J1 = 1/J2 and /-tl = J.£2 then 1/J1 o J.£1 = 
1/J2 0 /-t2· 
(R5) (1/J o J.t) 1\41 implies 1/J o (J.t 1\ 41). 
(R6) If ( 1/Jo J.t) A41 is satisfiable then 1/Jo (J.t/\41) 
implies (1/J o J.t) A 41. 

We can characterize the difference between our per-
sistent update and the AGM revision by verifying the 
satisfaction of (RI) - (R6) under the persistent update 
semantics, as we did for Katsuno and Mendelzon's up-
date semantics previously. The following summarizes 
the difference. 

Theorem 5 <>psa satisfies the AGM revision postu-
lates (RI) and (R4), but violates (R2), (R3), (R5) and 
(R6). o 
5.4 Dalal's Update 
Dalal proposed a theory for knowledge base update 
[I]10 , where he required that an update theory satisfy 
the following principles: 

(DI) Adequacy of Representation: The up-
dated knowledge should have the same repre-
sentation as the old knowledge. 
(D2) Irrelevance of Syntax: If 1/J = 1/J' and 
J.t = J.£1

, then 1/J <>d J.t = 1/J' <>d J-£1
• 

(03) Maintenance of Consistency: If 1/J and 
J.t are both satisfiable, then so is 1/J <>d J.t. 
(04) Primacy of New Information: 1/J <>d J.t f= 
J.t. 

9In particular, for any I" E Update(I,p,1 V ~ta), I" f= -,a 
since c E Ll(I, P,1 V p,a), and there is a constraint a ::> -,c. 

10Dalal's theory was originally for knowledge base revi-
sion. But he did apply his theory in logical database up-
dates. Here we discuss Dalal's work from a viewpoint of 
knowledge base update. 
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(D5) Persistence of Prior Knowledge: As 
much old knowledge as possible should be re-
tained in the updated knowledge. That is, 
'ljJ od 1-l should be obtained by some form of 
minimal change. 
(D6) Fairness: If there are many candidates 
for updated KB that satisfy the above princi-
ple then one of them should not be arbitrarily 
chosen. 

Based on the above principles, Dalal then defined an 
update operator as the following. Let S be an inter-
pretation of the propositionallanguage £. Then define 

g(S) = {S' J S' and S differ in the truth-value 
of at most one propositionalletter in £}. 

Let I be a set of interpretations. Then define 

g(I) = UsEz g(S). 

If 'ljJ be a formula (knowledge base), then formula G(?j;) 
is defined as 

Models(G(?j;)) = g(Models(?j;)). 

Then, Dalal defined a way to systematically charac-
terize changes in models. A quantitative measure of 
such change is: gi(I) is a smaller change in I than 
gi (I) iff i < j, where gi (I) is I if i = 0, otherwise 

.9i(I) =gi-1(g(I)). Similarly, define Models(Gi(?j;)) = 
gi(Models(?j;)). Now, the update procedure is the fol-
lowing: if 'ljJ is inconsistent with /-l, we change the mod-
els of 'ljJ by applying the operator g. If there is at least 
one interpretation that makes J-t true (that means, G(?j;) 
is consistent with 1-l), then 'ljJ o d 1-l is defined as G ( 'ljJ) A /-l, 
otherwise, we apply g again and keep on this way. Now, 
Dalal's update operator is formally defined as follows. 

'ljJ od 1-l = Gk(?j;) A /-l, where k is the least 
value of i for which Gi(?j;) A J-t is consistent. 

Obviously, Dalal's update is based on a minimal 
change principle. However, the minimality criterion 
here is different from that of the PMA. Dalal's mini-
mality is defined based on the number of difference of 
propositionalletters in models, while the PMA's mini-
mality is defined based on the set inclusion relation of 
models. Let us consider the following example. 
Example 2. Let C have four propositionalletters a, b, 
c and d. Let 'ljJ =a A -.b A -.cAd and 1-l =-.a V (b A c). 
Now, consider the update of 'ljJ with 1-L· First we use 
Dalal's method. Since 'ljJ and 1-l are inconsistent, we 
compute: 
M odels(G(?j;)) = {{a, -.b, -.c, d}, {-.a, -.b, -.c, d}, 
{a, b, -.c, d}, {a, -.b, c, d}, {a, -.b, -.c, -.d}}. 
Since {-.a, -.b, -.c, d} E M odels(G(?j;)) and it is also a 
model of /-l, then 

If we use the PMA, we have the following result: 

'ljJ Opma 1-L := (a A b A c A d) V (-.a A -.b A -.c A d). 
0 
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The difference between Dalal's update and our ap-
proach presented here is obvious for updating a knowl-
edge base with any disjunctive formula. 
Example 3. Let C have only two propositionalletters 
a and b. Let 'ljJ = a A b and J-t = -.a V -.b. Since 'ljJ and 
1-l are inconsistent, we compute 

Models(G(?j;)) = g(Models(?j;)) = 
{{a, b }, {a}, {b }}, 

and then G = a V b. Since G is consistent with -.a V -.b, 
we have 

In this case, the PMA gives the same result as Dalal's 
update method. Applying our approach, on the other 
hand, since 1-l = -.a V -.b, it follows that both a and b 
are indefinitely affected by /-l, that is, a and b are both 
mutable, thus, 

'ljJ Opsa f-t = -.a V -.b. 0 

It has been shown that Dalal's update operator od 

satisfies the AGM revision postulates (RI)- (R6) [6], 
while our persistent update operator Opsa only satisfies 
(RI) and (R4), and violates (R2), (R3), {R5) and (R5). 
Therefore, the persistent update is very different from 
Dalal's update. However, under some restrictions, they 
have the following relations. · 

Theorem 6 Let 'ljJ be a knowledge base, J-t a formula. 
The following results hold. 

1. If (i) both 'ljJ and 1-l are satisfiable, (ii) 'ljJ is incon-
sistent with /-l, (iii) there is no constraints, and (iv) 
f-t = a1 A··· A an , where a1, ···,·an are proposi-
tionalliterals, then 'ljJ od J-t = 'ljJ Opsa 1-l· 

2. If (i) both 'ljJ and 1-l are satisfiable, (ii) 'ljJ is incon-
sistent with p, (iii) there is no constraints, and (iv) 
f-t = a1 V·· ·Van,where a1, ···,an are propositional 
literals, then 'ljJ od J-t J= 'ljJ Opsa f-t· 0 

6 Conclusion 
In this paper, we have proposed a propositional knowl-
edge base update method based on the persistence 
principle. To derive preferred solutions in updates, 
we extend our approach by combining priorities of 
propositionalletters into the persistence principle. We 
also compared our approach with several well known 
minimality-based update theories. 

The main limitation of our approach is that some-
times the persistence principle may give too conserva-
tive solutions in updates, as we mentioned in section 4. 
Although introducing the persistence priorities into the 
PSA may avoid this problem, as we showed in section 
4, specifying the layers of propositional letters would 
be still problematic if only partial domain information 
is provided. A more effective way to deal with the 
problem is to introduce the causality into the persis-
tence principle. Formal issues about this idea will be 
presented in a forthcoming paper. 
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Appendix: Proofs 

Theorem 1 The following results hold. 

1. If dpsA{I,J.I.) - dPMA(l,J.I.) :f; 0, then for any fact 
f E dpsA(l,J.I.) - dpMA(l,J.I.), f is influenced by 
some subset of r(J, J.l.) or indefinitely /implicitly af
fected by Ji.; 

2. If dpMA(l,J.I.) - 8psA(l,J.1.) :f; 0, then for any fact 
f E 8PMA(l,J.1.)- dpsA(l,J.I.), f is neither uniquely 
influenced by any subset of r(J, J.l.) nor indefi-
nitely /implicitly affected by f..L· 

Proof. 1. Consider any f E 8psA(l,J.1.) - 8PMA(l,f..L). 
According to the definition of 8psA (I, J.l.) and Definition 
1, there must exist some i ~ 1 such that f E 6.i but 
f rf_ 6.i+l· If i = 1, then it follows that f is indefinitely 
affected by J.l.· Now suppose i > 1. From condition 3 in 
Definition 1, for each minimal support set F off in I, 
there exists some f' E F such that f' E I - 6.i. Again 
from Definition 1 and the definition ofr{I,J.!.), it is easy 
to see that 6.o = I- r(J, J.l.). There are two cases for 
f' E I -6-i: f' E I -6.o or f' E I -6.i where I~ 1 but 
f' rf_ I - 6.o . From the first case, we have f' E r (I, f..L), 
and in accordance with Definition 8, this means that 
f is influenced by F n r(l,J.I.). On the other hand, 
the later case implies that f' is indefinitely /implicitly 
affected by f..L, which also implies that f is implicitly 
affected by f..L· 

2. Suppose there is some f E 8PMA(l,J.1.) -
8psA (I, J.l.) such that f is uniquely influenced by some 
subset of r (I, J.1.). This follows that there exists some 
r' ~ r(J, J.l.), such that r' ~ E, where E is the unique 
minimal support set off in J. From condition 3·ofDefi-
nition 1, there is some i such that f E 6.i and f rf_ 6.i+l· 
So f rf_ 6.(/,f..L), that is f E 8PsA(/,J.1.). However, this 
follows that f rf_ 8PMA(l,J.1.)- 8psA(l,J.1.), contradicto-
rily with the premise. So f is not uniquely influenced 
by any subset of r(J, J.l.). Now we assume f is indefi
nitely or implicitly affected by J.l.. Then from condition 
2 and 3 of Definition 1, there exists some i ~ 1 such 
that f rf_ 6.i, so f rf_ 6.(1, J.l.). That is f E dpsA (I, J.l.). 
But this follows f rf_ 8PMA(l,J.1.) - 8psA(l,J.1.), contra-
dictorily with the premise. D 

Theorem 2 Let 1/J be a knowledge base, J.l. a proposi-
tional formula and consistent with domain constraints. 
Then 1/J <>ppsa f..L I= 1/J <>psa f..L. 

Proof. To prove 1/J <>ppsa f..L I= 1/J <>psa J.l., we only need to 
prove M odels(tf; <>ppsa J.l.) ~ M odels(tf; <>psa J.l.), and this 
directly follows from Updatep(l, J.l.) ~ Update(!, J.l.). 
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Now we prove Updatep(l,f..L) ~ ·Update(l,f..L). Let 
I' E Updatep(I, f..L). From Definition 1 and 4, it is 
easy to see that 6.(1, f..L) ~ 6.p(l, J.l.). Thus, 6.(!, f..L) ~ 
6-p(l,J.I.) ~I'. So I' E Update(l,J.I.). D 

Theorem 3 The persistence-based update operator 
<>psa satisfies Katsuno-Mendelzon's postulates (U1) -
(U4), (U6) and (U8). 

Proof. (U1) - (U4) and (U8) are directly follow from 
the definitions of persistent update Definition 1, 2 and 
3. Now we prove (U6). First we prove that if 1/J <>psa J.l.l 
implies J.1.2, then 1/J I= J.1.2 or {J.1.1 } U C I= J.1.2· 

Ignoring the trivial case, we assume that 1/J is consis-
tent. From Definition 2 and 3, we know that 

Models( 1/J <>psa J.l.l) = 
UsEModels(..P) Update(S,J.1.1) = 

UsEModels(..P) Models( {f..LI} U CU 6.(8, J.l.t))11
. 

Thus, if 'if; <>psa J.l.l implies J.1.2, we have {J.I.d U C U 
6.(S,J.1.1) I= f..L2 for any SE Models( 'if;). There are then 
three cases: (1) {f..LI}UC I= J.1.2; (2) CU6.(S,f..L1) I= J.1.2; 
or (3) {J.I.d U C U 6.(S, J.I.I) I= /1-2 where {J.I.I} U C ~ J.1.2 
and C u 6.(S, J.l.d ~ J.l.2· 

Case (1) is our result. Now we consider case (2). 
Since for any SE Models(,P) CU 6.(S,f..Ll) I= f..L2, also 
we know that S I= C and S I= 6.(S,J.1.1)12 , it follows 
that S I= f..L2 and hence 1/J I= f..L2· Now we show that 
case (3) will never occur. Suppose that case (3) holds, 
then we would have {f..Ld U C I= f..L2 V -,6.(8, f..Lt). Since 
C ~ f..L2 V -,6.(S, f..Ll), it follows that each f E 6.(S, f..Ld 
is indefinite, this is contradictions with the fact that 
for every f E 6.(S, f..LI) f is persistent. 

So far, we can prove (U6) by using the above result. 
From 1/J <>pas J.I.I I= f..L2 and 1/J <>pas f..L2 I= J.1.1, there are four 
cases: {J.!.I}UC I= J.1.2 and {f..L2}UC I= J.1.1; {f..LI}UC I= J.1.2 
and 1/J I= Ji.l; {J.I.2}UC I= J.1.1 and 1/J I= J.1.2; or 1/J I= f..L2 and 
1/J I= f..LI. For the first case, we have C I= f..Ll = f..L2, and 
then il(S,Ji.I) = 6.(S,f..L2) for each SE Models(,P), so 
1/J<>psaf..LI = 1/J<>psaf..L2 according to the definitions of per-
sistence update. Consider the second case, since 1/J I= 
J.l.l, 1/J <>psa J.l.l = 1/J. From 1/J I= J.l.l and 1/J I= C, it follows 
Models(,P) ~ Models({f..Ld U C), and hence 1/J I= f..L2 
from {JJ-I} U C I= f..L2· So 1/J <>psa J.l.l = 1/J <>psa J.1.2 = 1/J. 
The third case is similar to the second. Directly from 
the fourth case we have 1/J <>psa f..Ll = 1/J <>psa J.1.2 = 1/J. D 

Theorem 4 The following results hold. 

(U5') If 1/J <>psa f..L I= Ht/J but 1/J ~ tjl, then 
( 1/J <>psa J.l.) 1\ t/J implies 1/J <>psa (f..L 1\ tjJ). 
(U7') If 1/J <>psa f..Ll I= Hf..L2 (or 1/J <>psa f..L2 I= 
[ ...,]J.I.t), then ( 1/J <>psa J.I.I) 1\ ( 1/J <>psa f..L2) 

implies 1/J <>psa (f..Ll V f..L2). 

Proof. We first prove (U5'). Suppose 1/J is consistent. 
If 1/J <>psa J.1. I= ...,q,, then M odels((,P <>psa f..L) 1\ t/l) = 0, the 

11 For simplicity, here we treat {Jtd U C U D.(S, Jtl)) to be 
the conjunction of all elements of {Jtd U C U D.(S, ~td· 

12As before, here we take D.(S,Jt1 ) to be the conjunction 
of all elements of D.(S, Jtl). 
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result holds. Now suppose 'lj;<>psaf.l. f= ifJ. From the proof 
of (U6), 'lj; <>psa f.1. f= ifJ implies 'lj; f= ifJ or {f.J.} U C f= ifJ. 
Since 'lj; ~ ifJ, it must be the case that {f.J.} U C f= ifJ. 
That is C f= f.1. ::) ifJ. it hence follows C f= (f.J. 1\ ifJ) = f.1. 
and then 'lj; <>psa (f.J.I\ ifJ) = 'lj; <>psa f.J., which is implied by 
('lj; <>psa f.J.) 1\ 'lj;. 

We now prove (U7'). We consider the non-trivial 
case that 'lj; is consistent. If 'lj; <>psa f.1.1 f= -,f.1.2, then 
Models( ( 'lj; <>psa f.J.d 1\ ( 'lj; <>psa f.1.2)) = 0, the result holds. 
Suppose 'lj; <>psa l-"1 f= f.1.2, from the proof of (U6), we 
know.that 'lj; f= l-"2 or {1-"1} U C f= l-"2· From 'lj; f= l-"2 
and Definition 3, we have 'lj; <>psa 1-"2 = 'lj;, and also 
'lj; <>psa (1-"1 V l-"2) = 'lj;. Hence ('lj; <>psa l-"1) 1\ ('lj; <> l-"2) = 
('lj; <>psa l-"1) 1\ 'lj; = ('lj; <>psa 1-"1)1\ ('lj; <>psa (1-"1 V l-"2)), the 
result holds. Now suppose {f.J.I}UC f= l-"2· This follows 
that C f= 1-"1 ::) f.1.2, and also C f= l-"2 = (1-"1 V f.1.2)· Hence 
( 'lj;<>psa l-"1) 1\ ( 'lj; <>psa l-"2) = ( 'lj;<>psa l-"1) 1\ ( 'lj; <>psa (1-"1 V 1-"2)), 
which implies 'lj; <>psa (1-"1 V f.1.2)· 0 

Theorem 5 <>psa satisfies the AGM revision postulates 
(RI) and (R4), but violates (R2), (R3), (R5) and (R6). 

Proof. The satisfaction of (RI) and (R4) by <>psa di-
rectly follows from the definitions of persistent update. 
It is easy to show that <>psa violates (R2), (R3) and 
(R5). <>psa does not satisfy (R2) obviously. For (R3), 
suppose 'lj; is inconsistent, then 'lj; <>psa f.1. = 'lj;, that is 
inconsistent. (R5) is the same as (U5), and we have 
shown that <>psa violates it. 

Now we show that <>psa violates (R6) too. We only 
need to give one example to show the case. Let us con-
sider Example I presented previously once again. As 
described before, the persistent set with respect to f.1. 
andf.J./\ifJaret:..(J,f.J.) = {a,d}andt:..(l,f.J.I\ifJ) = {a,c,e} 
respectively. It is easy to see that Jl = {a, b, c, -,d, e, f} 
is a possible state resulting from updating 'lj; with f.J.I\ ifJ 
such that I' E Update(I,f.J.I\ifJ), but I' lf. Update(I,f.J.)n 
Models(ifJ) since d is persistent with respect to I" while 
it is indefinitely affected by f.J.I\ ifJ. Hence 'lj; <>psa (J.t 1\ ifJ) 
does not imply ('lj; <>psa J.t) 1\ ifJ. 0 

Theorem 6 Let tf; be a knowledge base, I" a formula. 
The following results hold. 

1. If (i) both 'lj; and f.1. are satisfiable, (ii) 'lj; is incon-
sistent with f.J., (iii) there is no constraints, and (iv) 
f.1. = a1 1\ · · · 1\ an , where a1, · · ·, an are proposi-
tionalliterals, then 'lj; <'>d f.1. = 'lj; <>psa f.J.. 

2. If (i) both 'lj; and f.1. are satisfiable, (ii) 'lj; is incon-
sistent with f.J., (iii) there is no constraints, and (iv) 
f.1. = a1 V·· ·Van,where a1, ···,an are propositional 
literals, then 'lj; <'>d J.t f= 'lj; <>psa f.l.· 

Proof. 1. We need to prove that Models('lj; <>d f.J.) = 
M odels(t/;<>psa J.t). According to Dalal's update seman-
tics, for any m E Models('lj; <'>d f.J.), there exists some 
model I of 'lj;, such that 
m E { S I S and I differ minimally on the number of 
propositionalletters such that S satisfies f.J., where S is 
an interpretation } . 
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For the PSA, on the other hand, since 'lj; is in-
consistent with f.J., there is no constraints, and I" = 
a1 1\ · · · 1\ an, according to Definition I, the persistent 
set t:..(I, p) of I with respect to I" is the maximal subset 
of I such that only those literals in { a1, · · ·, an} which 
do not occur in I are omitted from t:..(I,p). Thus, 
Update( I, J.t) = {S I S and I differ minimally on the 
number of propositionalletters such that S satisfies fJ}. 
That is, m E Update(l,f.J.). So, Models('lj; <>d 
p) ~ Models('lj; <>psa p). Similarly, we can prove 
Models('lj; <>psa p) ~ Models('lj; <>d p). 

2. The proof is similar to the above. o 
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Abstract 

This paper is one of the series which attempts to provide the reader with some prac:ticnl 
recommendations on how to design a fuzzy control system and how to choose its structure and 
parameters. Attention is mainly given to practical design problems but not to the development of 
mathematical theory of the design. This paper contains analysis results of different membership 
functions and tends to give a user simple recommendations regarding their choice. Consideration 
of different functions is conducted on the base of the parameter of the whole overlap. Membership 
function choice for some control systems including a drone boat control system and a potDer 
system stabiliser are examined as the CASE studies. 

1 Introduction 
Since E.H.Mamdani and S.Assilian developed a fuzzy 
controller for a steam engine in 1974 [3] many suc-
cessful applications have been reported. A signifi-
cant number of papers devoted to the development of 
a mathematical theory of a fuzzy control have been 
published. Nowadays some software instruments as-
sisting in design of fuzzy controllers have appeared. 
However the literature contains virtually no method 
for direct synthesis of a fuzzy controller. The design 
of fuzzy controllers is only based on designer's expe-
rience that undoubtfully decreases the number of po-
tential applications and quality of fuzzy controllers. 
That is why development of a fuzzy controller design 
theory and technology is particularly important. 

This paper attempts to provide a reader with some 
practical recommendations on how to design a fuzzy 
control system and how to choose its structure and 
parameters. Consideration· is mainly given not to the 
development of a mathematical theory of the design 
but to practical design problems. 

Figure 1: Operation of a fuzzy controller 

Figure 1 illustrates a typical operation of a fuzzy 
controller according to this classical scheme. The de-
sign process includes the following steps [6]: 

1. Define input and control variables, that is 
determine which states of the process shall 
be observed and which control actions are to 
be considered. 

2. Define the condition interface, that is fix the 
way in which observations of the process are 
expressed as fuzzy sets. 

3. Design the rule base, that is determine 
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which rules are to be applied under which 
conditions. 

4. Design the computational unit, that is, sup-
ply algorithms to perform fuzzy computa-
tions. Those will generally lead to fuzzy out-
puts. 

5. Determine rules according to which fuzzy 
control statements can be transformed into 
crisp control actions. 

The first problem is a usual step in design of any 
controller. The specific of a fuzzy controller is that 
the speed of change as well as the control variable 
itself are often used as inputs for a fuzzy controller. 

Much work has been done on solving the third prob-
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lem. Usually the fuzzy control rules are generated by 
one of the following four methods [5]: 

1. translating an operator's experience into 
fuzzy linguistic directly; 

2. monitoring and summarising a control be-
haviour of the operators; 

3. modelling the process to be controlled using 
a fuzzy set theory; 

4. self organising in running the control sys-
tems. 

The fourth step has got a solid fundamental ground 
of the fuzzy sets theory and there exist some well es-
tablished methods to determine a crisp output for a 
fuzzy controller. The most frequently used ones are 
the so called means of maximum and centroid meth-
ods. The means of the maximum method simply takes 
the average of all points where the result member-
ship function achieves the maximum. The centroid 
method determines the output as the average posi-
tion according to the formula: 

. f~oo xp(x)dx 
centrmd = Joo ( ) 

_
00

/J X dx 
(1) 

where p(:c) is the membership ft,mction for variable :c. 
It can be seen that a choice of membership func-

tions stays as the most undeveloped problem. More-
over software tools propose some different ways to de-
fine membership functions but give no or in the best 
case very general recommendations on how to select 
the membership function shape and width. Such a 
situation is due to the shortage of research results 
in the ·area of fuzzification methods and membership 
function selection. 

This paper tends to analyse different membership 
functions and their influence on the fuzzy controller 
characteristics and then supply a user with some rec-
ommendations on a choice of membership functions. 

The choice of membership function usually includes 
the shape selection and the width determination. 
Nowadays knowledge of this kind of problems is lim-
ited within the borders based on the common sense 
although some theoretical [2] and practical [1] recom-
mendations have already been made. In this paper a 
general approach has been taken to choose the mem-
bership function width based on the whole overlap 
(WO) and to determine the degree in which other 
membership function parameters influence a fuzzy 
controller performance. 

2 The evaluation of the 
membership function width 

The first step in the membership function width selec-
tion should be the choice of a parameter to evaluate it. 
The absolute value of the width is not proper for this 
goal as it does not compare the width of the separate 
membership functions with the number of classes and 
the universe of discourse. S. Marsh [1] has proposed 
two indices which meet this requirement: the overlap 
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MF Formula 
Linear JJ(:c) = 1- abs("'7~) 

Exponential p(x) = e:cp[-("'7~)~] 
Quadratic J.l.(:r:) = max[0,1- ("'7mf] 
MF Whole Overlap Ratio 
Linear ' 1 

(1-~), 
Exponential F(.../2· ma-mt.) 1 

Quadratic s- ... ., ..... +Hm'& ... ' t 
'+m2;;.m1 -!{~)5 

Table 1: Some usual membership functions and eval-
uation formulas 

ratio and the overlap robustness. These indices eval-
uate the width of membership functions through the 
overlap of two adjacent functions. The idea is very 
fruitful because it allows to compare the scope of the 
separate membership function with the universe of 
discourse and the number of the classes. 

S. Marsh considered only linear membership func-
tions and these indices worked very well in that case. 
Their disadvantage is that although they can be easily 
calculated for membership functions with ijmited dis
course area they cannot be found for functions with 
the infinite discourse area, eg. the exponential (Gaus-
sian) membership function. Moreover the first index 
does not depend on the membership function shape 
at all and the second one depends on the shape in the 
overlap area only. 

For these reasons the index of the whole overlap 
(WO) has been proposed: 

f~oo M IN(JJt (:c), JJ2(:c ))d:c 
WO= oo (2) 

f_ 00 M AX(JJt (:c), J1.2(:c ))d:c 

where J.l.t(z) and J.l2(:c) are two adjacent membership 
functions. 

The evaluation formulas for this index and some 
usual membership functions are given in Table 1, 
where F(:c) = k f~oo e:cp(-;2 )du in Table 1 is the 
cumulative standard normal distribution function. 

We can see that the index of the whole overlap 
(WO) can be easily calculated in the cases of mem-
bership functions with the unlimited discourse area 
as well as in the cases of simple functions with the 
limited area. The complete information about the 
width of membership function comparing it with the 
number of classes and the area of discourse is also 
given. 

3 Systems simulated in the 
study 

The choice of the shape and the scope of member-
ship function has been studied by the simulation of 
different control systems. The simulation has been 
made with MATRIXx REAL-TIME FUZZY LOGIC 
software package. This study has been conducted on 

Winter 1995 



40 

the basis of some classical examples. The first one is 
a control servo system which keeps a constant tem-
perature for a conventional water heater tank. The 
water heater basically consists of five outputs: the 
temperature error, and four other states relating to 
the water level of the tank itself. Initially only the 
temperature was examined. If the temperature is too 
high, then the amount of heat necessary is less than 
the current amount. If it is too low, then more heat is 
necessary. The fuzzy controller has been used to con-
trol this plant. Another control example is the fuzzy 
controller to control a second-order plant. 

These controllers represent rather simple examples. 
The more complicated case is presented by the prob-
lem of a control development for a drone boat move-
ment. The control system must keep this boat within 
the borders of a rather narrow ribbon in presence of 
different disturbances with a large magnitude. The 
structure of the control system includes 4 fuzzy con-
trollers: 3 main controllers {Figure 2) and 1 controller 
acting as a switch. Three have got two inputs ( one of 
them is the speed of the boat movement), the other 
has a single input. Other inputs are presented by the 
boat position and the boat heading angle. The output 
is the necessary angle change. 

4 The study of the choice of 
membership function width 
and its influence on control 
system characteristics 

A clearer picture is given by the results obtained 
from the simulation of low order systems. Typical 
responses for a heat fuzzy controller with the expo-
nential membership functions of different widths are 
shown in Figure 3 and Figure 4, and a step response 
for a second order system fuzzy controller with linear 
membership functions is shown in Figure 5. Narrow-
ing membership functions makes a proper fuzzy con-
troller more sensitive to the input deviation. It in-
creases oscillation and overshoot, produces the larger 
settling time. When a very narrow membership func-
tion is used, the system becomes unstable {Figure 6). 
The transformation point to the unstable system de-
termines the obvious low limit for a membership func-
tion width. It should be chosen much larger than this 
border because wider functions improve the system 
stability and create the stability margins. 

4.1 The choice of membership 
function in the presence of noise 

The statements made above are valid in noise condi-
tion as well because the fuzzy controller with wider 
membership functions has got more integration fea-
tures. The unit step response for the second order 
system with white noise source included (Figure 6) 
gives us a good illustration. In the case of exponen-
tial membership functions the fuzzy controller with 
wider functions suppresses noise better but demon-
strates larger response time. 
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In the case of a complex control system the picture 
is not so clear because a lot of factors compete with 
each other. Here (Figure 7 represents the boat tra-
jectory for the drone boat control system) narrower 
function increases the sensitivity of the controller to 
the disturbance. It decreases the position error at 
the beginning of the track-line because the controller 
works out the disturbance faster but sometimes due 
to the disturbance characteristics it can cause a larger 
position error. This figure illustrates the degree in 
which a control quality depends on the membership 
functions overlap. 

4.2 Influence of the defuzzification 
method 

The simulation study has been conducted under two 
defuzzification methods: means of maximum and cen-
troid. It has produced rather similar results for both 
methods. However, it has been observed that un-
der centroid defuzzification method wider member-
ship functions can make the system unstable. On 
the other hand under this method the system demon-
strates smaller oscillation and response time when it 
is stable. 

4.3 Influence of the membership 
function shape 

The study shows that changing the shape of the mem-
bership function but keeping the overlap the same 
does not influence the system characteristics signifi-
cantly. Anyway the current study does not allow to 
make general conclusion on the choice of the mem-
bership function shape. But in some cases using ex-
ponential and special membership functions improves 
the performance of the fuzzy controller in comparison 
with linear functions. 

5 Case study: optimisation of 
a fuzzy controller used as a 
power system stabiliser 

One of the most important power system stability 
problem is the low-frequency oscillations of the inter-
connected electric power systems. The oscillations 
may be sustained for minutes and grow to cause sys-
tem separation, if no adequate damping is available. 
The application of the state-of-the-art power system 
stabiliser (PSS) for improving stability has received 
much attention. The most widely used conventional 
PSS is the lead-lag compensator where the gain set-
tings are fixed and determined for a particular oper-
ating condition. This means that conventional PSS 
can provide optimal performance only for that par-
ticular operating point. Since the operating point of 
a power system drifts as a result of continuous load 
changes or unpredictable major disturbances such as 
a three-phase fault, fixed gain conventional PSS can 
not provide the best response in real time. Although 
general parameters can be decided for a conventional 
PSS according to a particular range of operating 
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Figure 2: Simulation model of the drone boat control system 
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Figure 3: The step response of the temperature control system with exponential membership functions and 
means of maximum defuzzification method 
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Figure 4: ·The step response of the temperature control system with exponential membership functions and the 
centroid defuzzification method 
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conditions, the design procedure is very complex. 
For multi-machine systems, individual machines may 
have different requirements of damping torque and 
synchronising torque, and multi-machine multi-mode 
power system stabilisation techniques must be sought. 
These constraints made the design of the conventional 
PSS even more complex. A self-tuning PSS has been 
employed to adapt the stabiliser to maintain good 
dynamic performance over a wide range of operating 
conditions. However, a self-tuning PSS is difficult for 
realisation because it requires parameter identifica-
tion, state observation and feedback gain computa-
tion which are very time consuming. A fuzzy logic 
controller has been designed as a power system sta-
biliser due to its robustness and simplicity [4] . Figure 
8 shows the system configuration of a single-machine 
infinite bus power system. Generator speed deviation 
A.w and acceleration Aw can be observed and have 
been chosen as the input signals of the fuzzy con-
troller. The control variable is the output from the 
fuzzy controller. 

In order to achieve the best performance for the 
proposed fuzzy controller, the membership functions, 
rules or defuzzification method have to be chosen ac-
cording to a performance index. Two aspects of evalu-
ating the power system stabiliser performance are the 
maximum transient deviation and the settling time. 
The performance index J is defined as in equation (3): 

M 

J = L [t~:A.w(k)]2 (3) 
1:=1 

In the above index, the speed deviation A.w(k) is 
weighted by the discrete time t1: = kAT. M in the 
above index stands for the total data number. 

By adjusting the width of the membership func-
tion, the performance of the fuzzy controller can be 
improved. Centroid and means of maximum defuzzi-
fication methods are used for the fuzzy controller and 
the results are also compared by using the above per-
formance index. 

Table 2 shows the performance index correspond-
ing to changes in both input and output membership 
functions WO in response to a 20% step increase in 

Hach i n• and contro l un i t. 

Vb 

INFJNlTB 
BUS 

Figure 8: System configuration of a single-machine 
infinite bus power system 
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WO% 30.95 24.27 18.79 14.29 
J_'fo [Centr01d) 1.05 0.78 0. 75 0.69 
J% ( Means) 1.05 0.78 0.75 0.69 
WO% 13.48 12.72 10.58 7.6 
J'fo Centroid) 0.69 0.69 0. 71 0. 74 
J% (Means) 0.69 0.69 0. 71 0. 74 

Table 2: The performance index corresponding to 
changes in WO (20% step change in mechanical 
torque) 

WO % 30.95 24.27 18.79 14.29 
J % (Centroid) 40.24 40.00 99.48 99.51 
J % (Means) 40.24 99.89 99.99 99.40 
WO% 13.48 12.72 10.58 7.6 
J % (Centr01d) 99.58 99.78 99.77 99.81 
J 'fo (Means) 99.49 99.48 99.51 99.61 

Table 3: The performance index corresponding to 
changes in WO with different defuzzification meth-
ods (three-phase to ground fault) 

mechanical torque T m. When the centroid defuzzifi-
cation method is used, it can be seen that the fuzzy 
controller gives the optimal performance when the 
WO is approximately from 12.72% to 14.29%. The 
same results are obtained with the means of maxi-
mum defuzzification method which are also shown in 
Table 3. 

Table 3 shows the performance index correspond-
ing to changes in both input and output membership 
functions WO in response to a three phase fault at 
point A as shown in Figure 8 sustained for 125 mil-
liseconds. Means in Table 2 and 3 stands for means 
of maximum defuzzification method. 

From Tables 2 and 3 it can be seen that the two 
defuzzification methods give the same results under 
small perturbation and the means of maximum de-
fuzzification method performs better in the case of 
the large disturbance condition. Considering both the 
small and large perturbation, the best WO has been 
chosen as 14.29% and the defuzzification method cho-
sen is means of maximum. 

5.1 Sensitivity to nominal parameter 
variations 

The nominal operating point of the system is consid-
ered with the real power P of 1pu at power factor 
of 0.85 (lagging). The sensitivity test was performed 
by changing the nominal system parameters (inertia 
constant H and the d-axis circuit time constant rdo) 
by ±20%. 

Table 4 shows the performance index correspond-
ing to changes in both input and output membership 
function WO in response to a 20% step increase in 
the mechanical torque Tm with the system parame-
ter changes. It is seen that the WO value chosen is 
insensitive to the system parameter changes. 
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WO % 30.95 24.27 18.79 14.29 
J % H = 1.2s) 1.11 0.70 0.68 0.62 
J % H- 0.8s) 1.01 0.8./ 0.82 0.77 
J % r ,m = 0.414s) 1.26 0.93 0.90 0.81 
J % rdo - 0.276s) 0.87 0.65 0.63 0.58 
WO % 10.58 7.6 5.1 3.2 
J % H -1.2s) O.fi5 0. 71 0.85 2,/.60 
J % H = O.Bs ) 0.78 0.80 0.86 2.18 
J % rdn = 0.414s) 0.8./ 0.89 1.02 3.83 
J % T~n - 0.276s) 0.60 0.62 0.70 6.96 

Table 4: The performance index corresponding to 
changes in WO (with parameter variations) 

oc PO Pl P2 P3 
p (pu) 1 0.5 0 .8 1.2 
pf {lag) 0.85 0.95 0.95 0.95 
oc PS P6 P4 
p (pu) 1.5 1 (0.48pu) 1 (0.32pu) 
pf (lag) 0.95 0.85 0.85 

Table 5: Operating conditions 

5.2 Robustness to operating 
condition variations 

Various operating conditions have been applied in or-
der to test the robustness. Those operating conditions 
(OC) are shown in Table 5, where PO is the nomi-
nal operating condition as used before and PS and 
P6 are operating conditions corresponding to ±20% 
variations in the transmission line inductance. 

Table 6 shows the performance index correspond-
ing to changes in both input and output membership 
function WO's in response to a 20% step increase in 
the mechanical torque T m under different operating 
conditions. It shows that the WO value chosen works 
well under various operating conditions. Similar re-
sults were obtained for the large disturbance condi-
tion, such as a three-phase to ground fault. 

6 Conclusion and 
recommendations to the user 

The simulation results allow us to make the following 
assertions: 

1. The parameter of the whole overlap is good 
for the evaluation of the membership func-
tion width as it compares the width of the 
separate membership function with the uni-
verse of discourse and the number of the 
classes. 

2. Use of narrower membership functions re-
sults in faster response (smaller response 
time). 

3. Larger oscillation, overshoot and settling 
time appear when a narrower membership 
.function is used. 

4. Use of narrower membership functions pro-
duces the system with a lower steady-state 
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WO % 30.95 24.27 18.79 14.29 
J % PO 1.05 0. 78 0.75 0.69 
J~ P1 1.33 1.07 1.0,/ 0.97 
J % P2 0.97 0.73 0.70 0.64 
J % P3 0.96 0.67 0.6,/ 0.58 
J % P4 5.01 2.02 1.92 1.70 
J % PS 1.17 0.87 0.8,/ 0.77 
J~ P6 1.02 0.76 0.73 0.67 
WO % 10.58 7.6 5.1 3.2 
J % (PO 0.71 0.74 0.85 ,/. 70 
J % P1 1.00 1.0,/ 1.1,/ 1.81 
J~ P2 0.66 0.70 0.80 1.72 
J % P3 0.60 0.64 0.75 37.53 
J % P4 1.75 1.86 2.33 96.50 
J % P5 0.79 0.83 0.93 ,/7.62 
J % P6 0.69 0.73 0.83 2.45 

Table 6: Performance index corresponding to changes 
in WO under different operating conditions 

error but with a very narrow function the 
steady state can possibly not be reached at 
all. 

5. The choice of the defuzzificati<iln method 
does not significantly influence the system 
characteristics but the use of the means of 
maximum method causes oscillation to in-
crease slightly and the steady-state error to 
decrease in comparison with the centroid 
method. 

6. noise presence keeps the statements made 
above valid. 

Comparing an action of a fuzzy controller with the 
action of the PID controller, it can be stated that 
when the membership function width is increased 
(WO is decreased), the differential part is increased 
and in the opposite case the integration performance 
of the controller is emphasised. Generally speaking 
in the presence of large disturbances it would better 
use the fuzzy controller with a larger overlap. 

On the base of this analysis the user can be advised: 

• initially choose the width of the membership 
function to provide the WO about 12% to 15%; 

• in order to improve static characteristics (steady-
state error, response time) one has to decrease 
the membership function scope; 

• in order to improve dynamic characteristics (os-
cillation, settling time, overshoot) one has to in-
crease the scope; 

• the use of Gaussian and other special shapes has 
to be investigated if smaller improvements of the 
system quality are desirable; 

• the use of a fuzzy controller with wider member-
ship functions can be recommended in the pres-
ence of large disturbances. 
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Abstract 

The Log icon Projection Network is a feed forward neural network which provides an initial solution to a discrimination 
problem by separating data classes with both closed and open decision boundaries. A modified gradient descent refines 
that solution. This paper compares that network's performance to those of the Mahalanobis distance metric, standard 
Back-Propagation and Moody-Darken Radial Basis Function networks, in the context of Automatic Speaker 
Identification. Training is always accomplished on text-independent, noise free, parametrised speech which is distinct 
from the test data. Classification of parametrised noise free speech is first conducted. In terms of mean percentage of 
correctly identified speech vectors, the Logicon outperformed the other classifiers, by a slim margin (- 2 per cent). 
However, it was found to be 5 to 11 per cent less prone to poor classifications. Classification of parametrised noisy 
speech followed. While the Logicon's edge, in terms of mean percentage of correct classifications, disappeared between 
15 and 10 dB, it remained the more robust system against poor classifications. The network's flexible boundary 
geometries appear particularly well suited to the loosely multi modal Gaussian distribution of the parametric speech 
signal. The Logicon trained in excess of one order of magnitude faster than the back-propagation network while 
classifying with the same speed. 

Keywords: Automatic Speaker Identification, Logicon Projection Network, Moody-Darken Radial Basis 
Function, Mahalanobis distance metric. 

1 Introduction 

Automatic Speaker Identification (ASI) is concerned with 
identifying one or several speakers from amongst a 
population of speakers with known vocal characteristics. 
This is a closed set problem in the sense that the 
speaker(s) to be identified need(s) to belong to the 
population. ASI is a three step process consisting of 

- acoustic feature extraction, 
- pattern matching and 
- adjudication. 

In the feature extraction step, a parametrisation technique 
is used to produce vectors of acoustic features from the 
speech signal. A single classifier or a system of classifiers 
is used for pattern matching. Adjudication is aimed at 
finding the correct speaker from amongst the population. 

Australian Journal of Intelligent Information Processing Systems 

In this paper, the pattern matching step is implemented 
with a text-independent, multiple classifier, system. This 
work focuses on the relative performance of 4 classifiers 
used in this role. The first three are well established in 
ASI and include the Mahanalobis Distance Metric 
(MDM)[lO] (a statistical method), the standard 
Multilayer Perceptron (MLP) [13] and the Moody-Darken 
Radial Basis Function (Neural) Network (MD-RBFN) [5]. 
The fourth classifier is the Logicon Projection (Neural) 
Network1 (LPN) recently introduced to ASI [2]. Pattern 
matching is accomplished, firstly, under laboratory 
conditions and, secondly, in the presence of additive 
white noise at various signal to noise ratios (SNRs). 

I LPN is a product of LOGICON RDA, Los Angeles, California 
90009 
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2 Methodology 

2.1 Data 

Two databases were used in this study. The first 
(Database A) contained noise free, text-independent, 
speech from 20 males with English speaking 
backgrounds. The speech was digitised at 10 kHZ (twelve 
bits). It consisted of 50 second segments with silent parts 
removed. The segments were further divided into 1.2 
second frames. These were high-frequency pre-
emphasised with transfer function 1-0.98z-l and a non 
overlapping 256 point Hamming Window applied to the 
result. The acoustic parameters chosen for this study were 
reflection coefficients which are commonly used for 
modelling the vocal tract [4]. Two hundred vectors, 
consisting of 15 normalised acoustic parameters, were 
produced. Finally and for each speaker, two distinct and 
equal size vector sets were made, corresponding to 
distinct training and testing files . 

The second database (Database B) contained text-
independent speech from 13 males, also with English 
speaking backgrounds. For 3 speakers (out of the 13), the 
first half of the speech signal was contaminated with 
progressively more additive white noise. (The noise was 
computer generated with a pseudo-random number 
generator and added to the speech). For each of those 3 
speakers, 6 test files containing 100, 15 dimensional 
vectors of normalised parameters were produced. SNRs, 
for the test files, were, respectively, infinity (ideally), 20, 
15, 10, 5 and 0. The second half of the speech signal for 
the 3 speakers as well as speech from the remaining 10 
males were used to manufacture 13 sets of 100, noise free, 
15 dimensional vectors. These vectors were put aside for 
training. Hence, training and test data were again 
distinct. 

2.2 Statistical distance classifier 

A MDM is invariant with respect to arbitrary linear 
transformations [1]. Therefore should several parameters 
sets be related by linear transformations, only one such 
set need be tested. Let xij be the ith vector of speech 
parameters for Speaker J. Let Ref. be a reference vector 
for that speaker obtained by takin1 the mean of the x--s 

b . "Le b IJ over su scnpt 1. t Z e a test vector to be identified. Z is 
compared with Re~ by computing the following metric 

G(Z) = [(Z- Ref-)TC--l(z- Ref.)]lf2 
J J J (1) 

where (Z - Re9T is the transpose of (Z - Ref.) and C- a 
• • J J 

covanance matriX computed from the reference vectors 
and given by 
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(2) 

for Nj training vectors with Z-(n) components belonging 
to class J. Through this matrii, the MDM makes use of 
individual features extracted from the reference vectors. 
One Ref and C must be computed for each speaker class 
represented in the data. 

2.3 The Back-propagation algorithm 

This algorithm leads to networks which can learn 
mappings of any complexity [18]. This property is 
paramount when patterns to be separated are derived from 
a complex non stationary signal such as speech. Ideally, 
training is terminated when the mean squared error 
between actual and desired network output falls below a 
pre-determined threshold. The MLP is based solely on 
that algorithm. Although the MLP is a powerful 
classifier, its application to practical problems is sub-
optimum. Learning is slow (or may never stabilise) 
because of an error function with local minima [8]. The 
minima correspond to hyperplanes being successively 
brought into the solution [16]. Hyperplanes are inefficient 
decision boundaries when data clusters. Test data that fall 
outside of training clusters are not always associated with 
the closest clusters (extrapolation errors). This is due to 
rough decision surfaces formed by the intersection of 
hyperplanes. Figure 1 (a) illustrates a MLP's boundaries 
around a class of data in 2 dimensions (shaded regions 
belong to a same class). 

(a) 

(b) 

(c) 0 
Figure 1: Decision boundaries separating one class 

(shaded) from another (non shaded)- a) MLP, b) MD-
RBFN (4 centroids shown), c) LPN. 
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The MLP configuration selected for this study consisted 
of 15 inputs, a single hidden layer with 20 processing 
elements and two outputs. Although a single output is 
sufficient to deliver a binary decision, two outputs yield 
good results for speaker discrimination [14, 3]. 

2.4 The Moody Darken Radial Basis 
Function model 

RBFNs are two layer architectures. The first layer maps 
an N dimensional input vector to a number of centroids. 
The second layer maps the centroids' activations to 
network outputs. The first (not weighted} mapping uses a 
K-means clustering algorithm to establish centroids. The 
centroids' receptive widths are determined through a P 
nearest neighbour algorithm, delineating regions in 
which training data has clustered. Figure 1 (b) illustrates 
a cluster including 4 centroids. A MD-RBFs activation 
function, for processing element i, is given by 

N 

Ii = _L<Xi-Yij)2 
j=l . 

where N is training vector dimension, 
Yr are cluster centroids and 
~ is input to processing element i. 

(3) 

Ideally, the sum of squares between an ~and its nearest 
Yij is minimum. A MD-RBF transfer function, for hidden 
layer processing elements, has a Gaussian shape given by 

T = (4) 

where rf is a receptive field from a centroid. The hidden 
layer's function is analogous to modelling a multi modal 
Gaussian mixture of the training data probability density 
function [5]. Such mixtures are renowned for their 
accurate estimates of arbitrary underlying densities [12]. 
They are appropriate for dealing with parametric 
representations of the speech signal whose distribution 
can be described as loosely multi modal Gaussian [11]. 
The second mapping is weighted and is a least squares 
regression algorithm. Because the two mappings are 
decoupled, training an RBFN is faster than an MLP by at 
least one order of magnitude. However, the latter's 
classification time is shorter [7]. The MD-RBFN's 
configuration was that of the preceding MLP except for a 
45 processing element hidden layer. 

2.5 The Logicon Projection Network 
model [16] 

This model projects the input vector of a standard feed 
forward neural network onto a hypersphere in one higher 
dimension before implementing a modified back-
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propagation algorithm. The projection creates open 
(hyperplanes) and closed boundaries (hyperspheres and 
hyperellipses) in the higher dimensional space. This 
versatility allows for efficient fitting of training data 
regions with a minimum number of boundaries. See 
Figure 1 (c). Open boundaries can be converted to closed 
ones and conversely, during training. Furthermore, both 
open and closed boundaries may coexist within a solution. 
NeuralWare, Inc. [19] demonstrate this, in the 2 
dimensional case, in Figure 2. 

Figure 2: Projection transformation and formation of 
boundary surfaces (NeuralWare Inc, 1993 [19] ). 

In Figure 2, x is an input vector to the 2 dimensional 
problem space. Let 

x'=R 

where x' is the projection of x onto the 3 dimensional 
surface which is the outer sphere, 

(5) 

R0 is the radius of the inner sphere onto which the 
original input vectors are projected and 
R is the radius of the outer sphere. 

Note that 

lx'l =R. (6) 
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Let w be the weight vector which connects x to a 
processing element in the hidden layer. It is also 3 
dimensional since it lies on the outer sphere and 

lwl = R. (7) 

Inputs to a hidden layer processing element are given by 

(8) 

where b is the threshold for that processing element. The 
geometry of the second projection, from the outer sphere 
back onto the original 2 dimensional decision surface, is 
governed by the value of b. For instance, should b be 
equal to 0, then w and x' are perpendicular to each other. 
The projected surface is a great circle of radius R on the 
outer sphere and its projection back onto the original 2 
dimensional input surface is a hyperplane. (See Open 
Boundary shown in 2.) If lb/R21 is less than 1, the 
projected surface is a sphere, of radius less than R, on the 
outer sphere. Projecting back onto the input space yields 
an ellipse. (See Closed Boundary in Figure 2.). In 
addition, LPN offers short training times. Convergence is 
at least one order of magnitude faster than for the MLP. 
LPN utilises a modified back-propagation algorithm since 
weight vectors are constrained to a hypersphere. The 
algorithm moves the weights towards maximum error 
decrease, tangent to the hypersphere's surface. Weight 
increments are given by 

incr(w)= ; X (; X a X grad(Err)) (9) 

where Err is the mean squared difference between 
network outputs and desired outputs, 
grad(Err) is the gradient with respect to w and 
a is gain term. 

The LPN's configuration was the same as those of the 
previously described ANNs except that its hidden layer 
consisted of 45 processing elements. 

2.6 The classifier system 

The classifier system adopted for this study is that 
proposed by Rudasi and Zahorian [13]. For anN speaker 
population, the system makes use of N*(N-1)/2 small 
binary classifiers. For each speaker, N-1 classifiers are 
trained to discriminate between that speaker and one of 
the remaining N-1 present in the population. Therefore, 
each classifier is independent of the others as well as of 
the training data of the non-relevant speakers. As opposed 
to ASI models with information relating to a single 
speaker at a time, the system proposed here also contains 
information about differences between pairs of speakers. 
This is important since a network trained with multiple 
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speakers ignores the irrelevant parts of the feature space 
characterised by inter-speaker overlap [9]. 
In the present model, text-independent testing, for a given 
identity, involves providing the same input to the N-1 
classifiers. Each classifier is trained with the 
parametrised speech from that identity and one of the N-1 
remaining speakers. A mean percentage of classifications, 
favouring the identity, is computed over the N-1 
classifiers. The worst individual result, over the set of N-1 
classifications, is also retained. Both criteria are used to 
assess the likelihood of correct identification. Testing is 
repeated for all speakers present in the population and the 
most likely speaker retained. A binary classifier approach, 
as opposed to a single classifier for all speakers, leads to a 
smaller memory requirement [7] and more accurate 
results [13]. 
In this study, the classifier system incorporated only a 
single type of classifier (MDM or one of the three ANNs) 
per experiment. Four experiments were conducted under 
laboratory conditions and another four under noisy 
conditions (two experiments per classifier). 

3 Results and discussion 

3.1 Speaker identification under 
laboratory conditions (Database A} 

For each classifier studied, 380 individual tests were 
accomplished (20 speakers by 19 classifications). For 
each classifier, a mean percentage of correct 
classifications, as well as the mean worst individual 
classification, was computed over those tests. Results are 
shown in Tablel. 

Classifier type Mean Mean worst 
used in ASI percentage of individual 

system correct classification 
classifications (%) 

MDM 95.1 78.8 
MLP 95.4 81.2 

MD-RBFN 95 85.1 
LPN 97.2 90.5 

Table 1: Individual classifier performance using a binary 
system for ASI 

Because the MDM method is statistical, no set of system 
parameters need be tailored to a given discrimination 
problem. This translates into ease of use and facilitates 
hardware implementation. A second important issue is 
that of intra speaker variability. An efficient distance 
metric should weight the different dimensions of intra 
speaker variability. It has been demonstrated that the 
MDM does this [1]. However, this property is not 
sufficient to guarantee optimum discrimination 
performance. An ability to learn enough idiosyncratic 
information about the training data (but not too much) is 



a must in optimally learning intra speaker variability as 
well as inter speaker variability. In that respect, statistical 
distance metrics lack the flexibility provided by 
connectionist approaches. 

Given the MLP, pilot training and testing sessions were 
conducted before ASI was attempted. This was an 
empirical approach aimed at improving training quality. 
It was necessary since the gradient error surface was often 
pitted with minima whose locations varied from one set of 
training data to the next. Small learning rates (0.1) and 
adjustment of the momentum term (0.7 -0.9) could not 
eliminate the minima. The severity of this phenomenon 
varied significantly from set to set. Consequently, training 
could not be effectively terminated after a pre-set number 
of iterations or when the system error fell below a pre-set 
threshold, both constant across all classifications. 
(Indeed, testing indicated that this traditional approach 
yield solutions up to 13 percentages points below those 
obtained with the empirical approach.) Furthermore, 
terminating training at a local minimum is unreliable 
since this can lead to a high error at the network outputs 
[6]. Once the length of a particular training session was 
decided upon, based on a pilot session, a second training 
session was undertaken followed by a testing session for 
each of both speakers present in the training data. Hence 
optimal use of the MLP required building up experience 
specific to the data used in the problem. 

In contrast to the above, The MD-RBFN's training could 
be effectively terminated once its system error fell below a 
threshold universal across all clas.sifications. Hence, pilot 
training and testing sessions were not necessary. Table 1's 
third column may be interpreted as an index of classifier 
reliability. The column reveals that this ANN was also 
less likely to discriminate poorly as compared to both the 
MDM and MLP. These observations point to the present 
classifier being more reliable than the previous. This is 
important since ASI may not be possible should too many 
binary classifications prove inconclusive. This reliability 
stems from MD-RBFs analogy with multi modal 
Gaussian mixtures which have been reported as providing 
consistently good speaker discrimination accuracy [12]. 
However, a few individual tests undertaken with the MD-
RBFN still fell below 70 % correct classifications. An 
explanation may be found in the K-means algorithm 
typically allocating more centroids to one of the speakers 
present in a training set than to the other, biasing 
discrimination in favour of the former [7]. 

The LPN outperformed all other classifiers in terms of 
discrimination ability. The LPN and MD-RBFN's mean 
training times were comparable (10 and 8 s respectively, 
on a SP ARCstation 10). The LPN's closed decision 
boundaries seemed efficient at delineating those parts of 
the parametrised speech which can be loosely modelled by 
Gaussian distributions. These boundaries account for the 
LPN's fast training since they provide a good initial 
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solution to a discrimination problem. The network's open 
decision boundaries are better suited to the arbitrarily 
distributed parts of the data. These boundaries minimise 
the output error through gradient descent [20] as is the 
case for the MLP. Finally, the LPN's fast classification 
time (comparable to that of a MLP), enhances its appeal 
for practical ASI implementation. A performance 
comparison of all classifiers discussed is given in Figures 
3 and 4. 

Figure 3: Mean percentage of classification errors, for 
each speaker and classifier type, over 19 classifications 
(LPN: 'o', MD-RBFN:'* ', MLP:'+', MDM: no symbol). 
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Figure 4: Worst classification percentage, for each 
speaker and classifier type, over 19 classifications (LPN: 

'o', MD-RBFN:'* ', MLP:'+', MDM: no symbol). 

3.2 Speaker identification under noisy 
conditions (Database B) 

That ASI is adversely affected by noise which increases 
intra-speaker variation is well documented [17]. A set of 
18 experiments were conducted for each classifier type. In 
each experiment, the classifier system consisted of 10 
binary classifiers. The classifiers were trained, with the 
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noise free parametrised speech from a speaker (constant 
across the 10 classifiers) as well as from one of ten other 
speakers (different for each classifier). The classifiers 
were tested with reflection coefficients extracted from the 
constant speaker's signal at the following SNRs: +e>q 20, 
15, 10, 5 and 0 dB. For each classifier type, the above 
experiment was repeated for 2 more constant speakers. 
Figure 5 illustrates mean correct classifications, over 10 
binary classifications, for each of 3 speakers, as a function 
of signal to noise ratio and classifier type. Corresponding 
mean worst classifications, over the 10 classifiers and 3 
speakers, as a function of signal to noise ratio and 
classifier type, are shown in Figure 6. 

~-------,-------.------~------~------. 

ssL-----~------~------~------~----~ 
+OO 20 15 10 05 00 

Signal to noise ratio (dB) 

Figure 5: Mean correct classification percentage over 10 
classifications for each of 3 speakers, as a function of 
SNR (LPN: 'o', MD-RBFN:'* ', MLP:'+', MDM: no 

symbol). 
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Figure 6: Mean worst classification percentage over 10 
classifications for each of 3 speakers, as a function of 
SNR (LPN: 'o', MD-RBFN:'*', MLP:'+', MDM: no 

symbol). 
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It is apparent, from the Figure 5, that all classifiers' mean 
performances degraded in a similar manner as SNR 
increased. However, the degradation incurred by the LPN 
was slightly more severe resulting in its performance 
being no better than those of the other classifiers between 
15 and 10 dB. (The fact that the LPN was again superior 
below 10 dB is not significant here because, in that SNR 
region, its performance is still too poor for ASI to be 
undertaken with an acceptable degree of confidence.) 
Figure 6 illustrates how the LPN's reliability, relative to 
the other classifiers, was eroded as SNR dropped to 10 
dB. Nevertheless, the LPN still remained the most 
reliable at all SNRs. 

In 6 percent of classifications (out of a total of 720 ), 
accuracy either remained the same or improved from one 
SNR to the following lower one. This occurred at all 
SNRs and could not be specifically associated with any of 
the classifier types. As SNR decreases the white noise 
destroys low energy voice segments as well as unvoiced 
information while a large part of the voiced information 
remains. Unlike voiced speech, unvoiced speech does not 
possess fundamental frequency [15] and therefore 
contributes little, if anything, to ASI. Low energy frames 
are poor indicators of speaker identity [13]. 

4 Conclusion 

This paper proposes a text-independent binary ASI 
system based on LPNs. This network was compared to 
the MDM, MLP and MD-RBFN, in the context of the 
ASI system. For all classifiers, criteria considered 
included 

a) ease of utilisation, 
b) mean percentages of correct classifications, 
c) worst percentage of correct classifications and 
d) training and classifying times. 

ASI experiments were first conducted under laboratory 
conditions using a 20 speaker database. 380 tests were 
conducted per classifier type. These confirmed that the 
LPN, together with the MD-RBFN and contrary to the 
MLP, may be used efficiently, without the need for pilot 
training sessions because they both provide an initial 
solution to ASI. The gradient descent refining this 
solution is more stable than that implemented by the MLP 
which does not provide such an initial solution. 
The LPN outperformed the other classifiers by a small 
margin ( between 1.8 and 2.1 per cent) according to 
criteria b) but by a significant margin (between 5.4 and 
11.7 per cent) according to criteria c) (reliability). The 
LPN's ability to incorporate hyperspheres, hyperellipses 
and hyperplanes into the ASI solution, though projection, 
seems slightly better suited to the classification of 
parametrised speech than the MD-RBFN's modelled 
Gaussian mixtures. 
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Another consequence of applying gradient descent to an 
initial ASI solution, rather than directly to the input, 
resulted in the LPN and MD-RBFN being much faster to 
train than the MLP but a little slower than the MDM. 
However,· the LPN shared the MLP's fast classification 
times. 

In a second series of experiments, the text-independent 
ASI system was again trained under laboratory 
conditions. However, the parametrised test speech, from 
3 speakers, was contaminated with additive white noise. 
The mean discrimination performance of all four 
classifiers dropped significantly with SNR. This was 
particularly true for the LPN whose performance did not 
exceed those of the other classifiers between 15 and 10 
dB. Nevertheless, The former remained the better 
performer according to c) independently of SNR. 

Acknowledgments 

This research is supported by grants from the National 
Institute of Forensic Science, Australia. 

References 

[1] Atal, B. S. "Effectiveness of Linear Prediction 
Characteristics of the Speech Wave for Automatic 
Speaker Identification and Verification", J. Acoust. Soc. 
Am., Vol55 (6), pp. 1304-1312, 1974. 

[2] Castellano, P. and Sridharan, S. "Speaker 
Identification with Projection Networks", Proc. of the 
Fifth Australian International Conference on Speech, 
Science and Technology, pp. 400-405, 1994. 

[3] Castellano, P. "Text-Independent Speaker Verification 
with a Multiple binary Classifier Model", Proc. of the 
Second Australian and New Zealand Conference on 
intelligent Information Systems, pp. 51 -55, 1994. 

[4] Deller Jr, J. R., Proakis, J. G. and Hansen, J. H. L., 
Discrete-Time Processing of Speech Signals, Macmillan 
Publishing Co., 1993, pp. 174-180. 

[5] Fredrickson, S. E. and Tarassenko, L. "Radial Basis 
Functions for Speaker Identification", Proc. ESCA 
Workshop on Automatic Speaker Recognition, 
Identification and Verification, pp. 107-110, 1994. 

[6] Freeman, J. A. and Skapura, D. M .. Neural Networks-
Algorithms, Applications and Programming Techniques. 
Computation and Neural Systems Series, Addison-Wesley 
Publishing Co., 1991, p. 105. 

[7] Mak, M. W., Alien, W. G. and Sexton, G. G. 
"Comparing Multi-layer Perceptrons and Radial Basis 

Australian Journal of Intelligent Information Processing Systems 

53 

Functions Networks in Speaker Recognition", J. Micro. 
Appl., Voll6, pp. 147-159, 1993. 

[8] Morgan, D. P. and Scofield, L. N. Neural Networks 
and Speech processing, Kluwer Academic Publishers, 
1991, p. 54. 

[9] Oglesby, J. and Mason, J. S. "Speaker Recognition 
with a Neural Classifier", Proc. lEE International 
Conference on Artificial Neural networks, pp. 306-309, 
1989. 

[10] O'Shaughnessy, D. "Speaker Recognition", IEEE 
ASSP Magazine, Vol. 3 No. 4, pp. 4-17, 1986. 

[11] Rabiner, L. R. and Schafer, R. W. Digital Processing 
of Speech Signals. Prentice-Hall - Signal Processing 
Series, 1978,pp.486-487. 

[12] Rose, R. C. and Reynolds, D. A. "Text Independent 
Speaker· Identification Using Automatic Acoustic 
Segmentation", Proc. ICASSP, S 5.10, pp. 293-296, 1990. 

[13] Rudasi, L. and Zahorian, S. A. "Text-Independent 
Talker Identification with Neural Networks", Proc. of 
ICASSP, Vol. 1, S6.6, pp. 389-392, 1991. 

[14] Shrimpton, D. and Watson, B. D. "Comparison of 
Recurrent Neural Network Architectures for Speaker 
Verification", Proc. 4th Australian International 
Conference on Speech Science and Technology, pp. 460-
464, 1992. 

[15] Ward, R.·M. and Gowdy, J. N. "An Investigation Of 
Speaker Verification Accuracy Using Fundamental 
Frequency And Duration As Distinguishing Features", 
Proc. of the Twenty-First Southeastern Symposium on 
System theory, pp. 390-394, 1989. 

[16] Wilensky, G. D. and Manukian, N. "The Projection 
Neural Network", Proc. of the International Joint 
Conference on Neural Networks, Vol. 2, pp. 358-367, 
1992. 

[17] Zalewski, J. "Text Dependent Speaker Recognition 
in Noise", Proc. ofEurospeech, pp. 287-289, 1989. 

[18] Zurada, J. M. Introduction to Artificial Neural 
Systems, West Publishing Co., 1992, p. 164. 

[19] Neural Computing - A Technology Handbook for 
Professional 11/PLUS and NeuralWorks Explorer, 
NeuralWare, Inc., Pittsburgh~ PA, 1993, p. 211. 

[20] Reference Guide - SoftWare Reference for 
professional 11/PLUS and NeuralWorks Explorer, 
NeuralWare, Inc., Pittsburgh, PA, 1993, p. 30. 

Winter 1995 



54 

MORPHOLOGICAL RECONSTRUCTION OF SPARSE 
COLOUR AND GREY SCALE IMAGES 

Alan L Harvey 
Electrical Engineering Department 
RMIT Melbourne 3000 Australia 

Harvey A. Cohen 
Computer Science and Computer Engineering Dept 

La Trobe University Bundoora 3083 

ABSTRACT 
In this study, the principles and performance of a new morphological filter for the restoration and visual 
reconstruction of sparse images is given. Such images arise from very noisy transmission and also from 
systems or sensors ·of limited spatial capabilities, such as stereo depth images or laser range finder data. Good 
restoration was achieved using this new filter method. The filter functions by using 'good' pixels as seed 
points from which spatial propagation occurs in a regular manner during successive iterations. The seeding 
filter has a high restoration gain or ratio of restored pixels to seed pixels. 

Contemporary methods of visual reconstruction based on a "weak membrane" analogy and other convolution 
based methods are reviewed and compared. Also see [11] for further aspects of reconstruction. We apply this 
filter to grey scale images which have lost between 50 and 95% of the data and also to colour images for which 
other convolution based methods are not applicable. The impulse noise may have a single value or range or 
multiple ranges. This method requires that the data can be segmented from the noise impulses by means of 
thresholds. On a grey scale face image which had lost 95% of its data, the restored image had a signal to noise 
ratio of I6dB and all features were clearly discernible. The filter had an 8 pixel neighbourhood and took less 
than 0.3 second per iteration to filter the image on a Sun 4 Work Station. 

1.1 Introduction 
An image that has lost more than half its data is 
termed a sparse image. Determining the appropriate 
values for missing pixels which have been replaced 
by noise impulses has been traditionally called image 
restoration. However following the important work 
of Blake and Zisserman,[1] this process now is 
commonly termed image reconstruction. In this 
paper we are concerned with image reconstruction 
where the fraction of data pixels may be I 0% or less. 
Such images arise from heavily corrupted 
transmission or from systems with low spatial 
resolution. Morphological reconstruction is an 
approach to solving the research problem of 
regularising sparse data but has been used to remove 
scanner noise from satellite images. Restorable 
images include images subject to "salt and pepper" 
noise or impulse corruption of black dots or zero 
impulses and white dots of maximum value 
impulses. 

The term morphological filter normally applies to 
filtering binary images using binary structuring 
elements and opening/closing operations. [I2] Here 
we are concerned with grey scale or colour data but 
the processing is binary in the sense that processing 
depends only on whether the pixel being restored is a 
member of the image data set or a member of the 

impulse corruption set. In the seeding method, pixels 
are replicated at pixel sites containing "good" ie non-
noise impulse pixel values. 

Basic filters which use smoothing or median value 
statistics are ineffective when 50% or more of the 
image is lost.[5],[6]. By using these morphological 
filters, far better results are obtained for image 
restoration. It is a requirement of these filters that 
the range of the image corruption is known a priori. 
If the image is sparse in a conventional sense, 
corrupted pixels having a grey level of zero, tests 
may be made on the pixel neighbourhood to ascertain 
a better grey scale value for the restored image value. 
The original image will also contain pixels in the 
same set as the interference. This will not matter if 
the range of impulse values is not too large. 
Satisfactory results have been obtained with 
interference ranges of up to one third of the image 
grey scale range. The success of the method relies on 
a normal level of correlation within the original 
colour or grey scale image. A random image cannot 
be restored whereas the improvement in conventional 
images, a human face for example is quite marked. 
Iterative fixed mask based smoothing methods which 
minimise data errors [I] start to slow down 
drastically when image impulse noise corruption 
rises above 90% due to the small support region of 
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these methods. An earlier non-iterative method 
which gave much greater grey spatial dislocation and 
hence poorer results was reported in [2]. Because 
morphological filters replicate existing image data 
values, they may be used effectively on grey scale 
data or colour index values for 8 bit RGB images 
using a common look up table for the RGB values. 
Other restoration methods such as those by Blake 
and Zisserman or C-F Westin cannot be used for 
colour in this way. 

In a more general sense, the reconstruction 
problem can be regarded as fitting a surface to a 
sparse or scattered set of points in a rectangular 
domain, D. This problem appears particularly in 
geographical and geological problems where a 
sparse set of measurements is available and a most 
likely value is required over a full set of points in a 
rectangular domain, D. In processing of impulse 
corrupted pictorial data, the problem is slightly 
different in that the impulse values will intersect 
with part of the image data which will therefore be 
lost when that part of the data set is thresholded out 
and replaced. As long as the fraction of the image 
data is not too great, the restoration will be 
successful. A sparse face image in which a third of 
the image data was lost in thresholding gave a 
satisfactory restoration. 
This problem of sparse data regularisation has been 
solved by interpolation using polynomials but this 
method has significant problems. Firstly the 
surface generated exhibits an oscillatory nature 
even for polynomials of low degree. Also the 
surface may be non-singular and the system can be 
ill-conditioned.[8] The morphological methods 
discussed here are of low complexity and are stable 
if due consideration is given to possible recursive 
effects. 

1.2 Morphological Filter Principle 
The morphological filtering method may be 
performed either on a propagation basis or a nearest 
good neighbour (NGN) basis. In the pixel 
propagation method termed the seeding method, if 
the current pixel is a 'good' data value ie not a 
member of the impulse pixel set, it is propagated to 
its noise impulse valued neighbours. In the second 
earlier method, the NGN method, the value of the 
current image pixel is checked and if it is within the 
interference range, a data pixel from its nearest good 
neighbour is copied to it. These methods differ from 
rank filtering in that no ranking of the pixel values is 
attempted and that the output depends on spatial 
relationships, not rank order. Restoration methods 
may use separate buffers or a single buffer for input 
and output. Recursive effects may occur with 
iterative methods and a single buffer. These manifest 
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themselves as excessive streaking in the restoration. 
In this study, a seeding method using a 3x3 
neighbourhood was used for the colour image 
restoration and the output iterated until the SNR 
became essentially constant. For the grey scale 
images, the seeding method was used using a 3x3 
pixel neighbourhood. Below a seeding method of-
restoration is shown restoring the four connected 
neighbouring pixels. 

Search Area 

D 0 • • ,1' "good" pixel" 

D 
D :::1~0 

D 
noise impulse 

0 
"Good" pixel propagates to all 
corrupt neighbouring pixels 

0 

Figure 1. Pixel propagation details for seeding 
method. 

1.3 Objective Image Restoration 
Measures 
In our studies we have used as an objective measure 
the signal to noise ratio (SNR) commonly used for 
the fidelity of a processed image to its original form. 
This measure is the summation over all rows and 
columns of the original image pixel brightness values 
f squared divided by the sum of the differences 
between the original image f and the restored image 
values g squared expressed in decibels. 

or for colour image restoration, 

SNR = 1 O.log{:EI:(r2 + i + b2 ) I 

2 2 2 I:I:[(r-R) +(g-G) +(b-B) ]} 

(I) 

(2) 

where the summations EE, are over all image rows 
and coluinns and (r,g,b) and (R,G,B) are the colour 
components of the original image and the restored 
image respectively. 

Finally the normalised mean square error for grey 
scale images is the ratio of the summation over the 
image of the errors squared to the summation of the 
original image values squared. 

NMSE = I:E{f- g)2 /EE Cr) (3) 

This may be extended to colour on the same basis as 
the SNR measure shown above 
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Another method which does not require the original 
uncorrupted image, is to count the corrupt pixels 
remaining and to iterate until the number of corrupt 
pixels is equal to the the average image pixel 
popularity.as judged by the number of image pixels 
divided by the number of image data values or colour 
indices. Alternatively the iteration can be terminated 
when the number of corrupt pixels is zero. 

1.4 Operation of Filters 
The nearest good neighbour filter operates by 
searching the current window for a good pixel, or 
one not a member of the corruption pixel set and 
copies it to the current location if it is a noise 
impulse. If this type of restoration is used on a 
"single pass" basis, a relatively large reconstruction 
window is required. Iterative methods using small 
windows reduce spatial errors and give better results 
at a minor expense in speed and complexity. Earlier 
methods of search using a "successive row search" 
inside the restoration window are satisfactory at 
lower image data loss levels, of the order of 80% or 
less but for impulse noise levels greater than 80%, an 
iterated approach gives superior results. 

On the other hand, the seeding method may restore 
up to 8 pixels at once by using the current "good" 
pixel as a restoration site and replicating it to any 
corrupted 8-connected neighbours. 

The seeding or pixel replication method is essentially 
the complement of the NGN method. Using the 
terminology of morphology, the seeding filter may 
be regarded as performing the fundamental operation 
of dilation. For this filter for an image X and 
structuring element B and Noise pixel set N, 

XEElB := {x:BxriX!=N} (5) 

Thus the output for the seeding restoration is equal 
to the set of pixels formed by the intersection of the 
structuring element Bx with any pixel which is not a 
member of the noise pixel set N. This defmition 
holds for brightness values for grey scale images or 
colour indices for RGB colour images. 

In grey scale morphology, the output brightness 
value for dilation is the maximum value of the sum 
of the structuring element brightness Bx and the 
image brightness X within the region of intersection. 
In this method there is no addition of pixel values, 
only replication of existing values. For this reason 
the terminology of binary data morphology has been 
applied. The structuring element B is a 2x2 or 3x3 
block of pixels resulting in a replication of the 
central pixel value to the four connected or eight 

connected neighbours. Other structuring elements 
such as a cross are possible. 

1.4.1 Recent Methods of Sparse Image 
Restoration 
A summary of recent methods of sparse image 
restoration methods from the 80's onwards is as 
follows: In 1981, Grimson developed a restoration 
method based on fitting a "thin plate" to sparse data 
on a minimum energy basis.[2] The surface could 
bend but could not conform to a step change. 
Terzopoulos continued this work and extended it to a 
consideration of discontinuities or steps in the 
reconstruction.[l2) He also developed a multi-grid 
based method for faster convergence. Blake and 
Zisserman [1] developed surface reconstruction 
methods using weak continuity restraints as 
described in the following section. Horn and Schunk 
also developed methods to convert sparse optic flow 
data to dense flow maps using iterative methods and 
smoothness restraints. [9] At the other end of the 
scale rank order based methods can be used but start 
to fail at high data loss levels. A set of results for a 
face image reconstruction for different methods of 
reconstruction is shown below for comparison. 

35 -+-rank 

30 --·or 
-6-ngn 

25 -*-•eed 
SNR 20 
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Figure 2. Comparison of restored SNR values versus 
percent data loss for different reconstruction methods 
as per text. 

1.5 Restoration Using Successive Over 
Relaxation 
The Successive Over Relaxation (SOR) based 
method was developed by Blake and Zisserman [I] 
In this approach to the restoration of sparse data, a 
weak membrane is fitted to the sparse data on the 
basis of minimum membrane energy E. 

E=D+S+L (6) 

The membrane is fitted to the data on the basis of 
minimising a membrane energy E with energy term 
D for fidelity to data, S for adjacent differences 
corresponding to a gradient term and a final term L 
for step discontinuity energy, meaning region 
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boundaries or edges. Blake and Zisserman defme D 
and S as follows: 

K 2 
D =A I Ky(uk -dk) (7) 

2 2 2 S='J\, [~.(u;-u;_1 ) +~_(uj-uj-l)] (8) 
1,) 1,) 

The term L cannot be used with sparse data as 
discussed below. The frrst term D is the sum of the 
squares of the differences between reconstructed 
image points and the original noisy or sparse data. A 
is the image area in pixels and K is the number of 
sparse data pixels. Term S is a sum of the horizontal 
and vertical gradients squared over the image 
domain. The symbol A. is a scale factor and was set to 
one pixel for sparse data in line with [1]. The 
gradient term S attempts to make the restored image 
as flat as possible. Note single subscripts have been 
used for the row and column subscripts to simplify 
the expression for S. Also note that this is the form 
for zero step or line discontinuity processes. The 
third term L penalises image brightness steps or line 
discontinuities mentioned above. The term L has th~ 
effect of minimising the perimeter or edge length 
around areas of constant brightness. For sparse data, 
this term cannot be used as edges cannot be located 
unambiguously due to the non-uniformity of the data. 

A gradient descent solution to the problem of 
restoration of sparse images can be used. By 
equating the rate of ch~ge of the membrane energy 
E with respect to image grey level u to zero, an 
equation may be formulated for fmding image grey 
levels. For the case of sparse data, the step energy 
term. is not used as the edges cannot be located 
unambiguously so the line step energy term is set to 
zero. In that case, the reconstruction becomes 
entirely deterministic. 

We minimise E w.r.t changes in u(ij) and note that 
at the minimum, 
a E I a u ; . j = 0 , V i (9) 

This equation may be solved at all pixel sites by 
making small changes in u, the image brightness and 
accepting those that reduce E. A more rapid method 
which is used here is to utilise energy gradient 
information to converge on the solution. 

ui+1=u;-(aE/8u)w/T . (10) 

The convergence rate is determined by wand T. w is 
set between 1.0 and 2.0 as discussed later. T is set to 
ensure convergence for the value of w used. 
Maximum gradient descent or successive over 
relaxation (SOR) will speed up the iterative solution 
to the fmal grey levels. Sparse images or images 
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corrupted by impulsive distortions such as salt and 
pepper noise may be restored using this relaxation 
technique which stabilises after a fmite number of 
iterations depending on the degree of corruption. 
Pepper and salt noise refers to impulse corruption of 
black and white dots. For the 8 bit grey scale images 
used in this study, images with 50% data loss 
converged after some ten iterations whereas a 90% 
data loss image took about 50 iterations to converge 
to within 1 grey level point in 8-bit data. 

1.5.1 Restoration Parameters 
The successive over-relaxation parameter w may be 
set in the range 0-2. The case w ~ 1 corresponds to 
Gauss-Seidel iteration for images with large spatial 
digitisation values. For 256 x 256 pixel images, the 
difference from I will be very small, less than 0.01 
%. Values of w between 1.0 and 2.0 give over-
relaxation and faster convergence. Values close to 
2.0 caused image distortion but a value of 3/2 used 
here gave rapid convergence without image over-
ranging for a 512x512 image. See [8] for further 
discussion of speed of convergence. The scale factor 
A., which may be regarded as a scale or smoothing 
factor, has a range of one to 32 pixels. In line with 
[1], a value of unity was used to obtain the SNR 
figures given below. It should be noted that the 
optimum value ofw, the SOR parameter is related to 
A. as follows: 

w = 2/(1+ l!(f....fi )). For A. = I, w ~ 1.2 (11) 
See [1] for further discussion ofw, A.. 

1.6 Pixel Region Considerations 
For images with a greater fraction of corrupted 
pixels, a larger number of iterations is required for 
restoration. For very high levels of corruption, more 
and more null values will result in slow restoration 
due to zero propagation of interference pixels. For a 
90% corrupted image, a 3x3 pixel block size gave 
good results. It is important to minimise the pixel 
neighbourhood replication area and to copy pixels in 
an omnidirectional way, ie to replicate the pixel that 
is truly closest to the current pixel position, to 
minimise spatial bias in the restored image. 

1. 7 Restoration Colour Errors 
Morphological restoration of the type currently 
discussed will always replicate the data in the 
original image. Therefore there will be no new 
colours in the replicated data. There will be errors 
when rapid changes in colour occur at different 
image neighbourhood boundaries for example. As 
data values become sparser, colour errors will occur 
more frequently and the requirement for further 
processing increases. Post-processing using median 
filtering of colour indexes will reduce splatter due to 

Winter 1995 



58 

inter-mingling of colours at image regions of 
different colours or rapid changes in colour. Post-
processing of the restored data will increase SNR by 
more than 1dB . Smoothing filters can be used for 
post-processing filters for grey scale images but not 
for colour pictures. Median filters will reduce 
splatter due to colour intermingling at image region 
boundaries by rejecting outliers caused by replication 
of pixels from a different colour region, giving a 
small but significant improvement. 

1.8 Colour Results, NGN Restoration 
A colour street scene was corrupted by null value 
impulses at 50% and 90% data losses. The colour 
reconstruction whilst having appreciable artefacts 
was again much more pleasing than the corrupted 
image. Colour restorations in grey scale form are 
shown here. 

Colour Restoration Results: Street Scene 

%Data Loss 
50 
90 

SNR 
3.06 
5.78 

Restored SNR 
19.02. dB 
14.22 dB 

The restored images were generated using an iterated 
seeding based method. 

1.9.1 Discussion Of Colour Restoration 
The restored street scene image shown in figure 7 
was generated from the 50% data loss street scene 
picture corrupted with zero value impulses or black 
dots. The restoration used the seeding method and a 
3x3 window. Subjective examination of the 
restored image showed that the image was 
essentially identical to the original uncorrupted 
image. Closer examination showed a few colour 
spots which were different to the original. The 
restoration of the 90% data loss image corrupted 
with white dots shown in figure 8 gave a 
recognisable image but with heavy loss of fine 
detail, as the pictorial results show and very ragged 
colour regions These effects are quite severe for 
reconstruction of images with I 0% or less of the 
original data. 

1.9.2 Discussion, Grey Scale Restoration 
For the data presented here, the Lena image at 
corruption levels of 50%, 90% and 95% data loss 
were investigated. This was done by setting to zero 
the image pixels at random locations at the above 
percentages. Image data was in 8 bit grey scale 
format. Pictorial results are given in figures 3-7 
showing the 90 and 95% grey scale restorations and 
the original and the 90% data loss image. SNR 
results are tabulated as shown below. Even at 99% 
data loss a face was obtained with recognisable 

features without post-processing. On grey scale 
images, after morphological restoration, smoothness 
based techniques can be used to improve the SNR by 
0.5-2dB depending on the sparseness of the original 
data. 

Grey Scale Restoration Results Face Image 

Lena Image Restor'n # of iter'ns. 
Data loss SNRdB No 

50% 26.08 5 
90% 19.44 10 
95% 17.41 15 

1.10 Post Processing of Images 
Sparse images both colour or grey scale may be 
regarded as randomly sub sampled images. The 
morphological restoration methods enumerated here 
do not have any spatial frequency limitation. An 
image with 10% data is nominally equivalent to sub 
sampling on a 3x3 grid. Thus artefacts due to higher 
spatial frequencies will be present in the restorations. 
For grey scale images, the higher spatial 
frequencies may be filtered by using averaging or 
smoothness based techniques to attenuate the 
higher spatial frequencies. This process may be 
repeated as long as the original data is enforced 
subsequent to averaging. 

For such high data loss picture restoration, we have 
found that post-processing of the restoration using 
median filtering techniques reduces these artefacts 
by reducing the raggedness of region boundaries. 
Post-processing of the dense image data increases 
the SNR by up to 1 dB. This additional processing 
becomes significant due to the errors produced by 
the NGN filter when data is sparse. At high data 
loss levels, it was found median filter spatial errors 
were outweighed by the increase in uniformity due 
to the removal of outliers due to colour mixing at 
region boundaries caused by the NGN filter. A 
further small improvement is achieved by data 
enforcement after median filtering. Data 
enforcement or posting is the replacement of the 
restored image pixels after median filtering with 
the sparse data values in the original corrupted 
image. Other pixels remain the same. The colour 
image street scene gave visibly less artefacts and 
an SNR increase from 14.22 to 14.73 dB after 
median filtering and data enforcement. 
Objectively, the colour region edges looked less 
ragged after median filtering and data enforcement. 

Conclusion 
A new method of morphologically restoring images 
that have been corrupted by impulse noise has been 
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Table 6: First order information gains for M2 

All first order information gains and normalized infor-
mation gains are very small (the average of the normal-

1 )2 h' 't . ized gains is less than N3 = 0.0046 . In t 1s case, 1 1s 
hard to tell whether these gains are contributed by the 
attributes themselves or the deviation of the sample dis-
tribution of the training set from the real distribution. 
The second order analysis shows that the second order 
gains are much larger than the first ones although they 
are still fairly small (the normalized gain average is less 
than -J. = 0.0277). Using the same analysis procedure 
as that in previous two subsections, we find that A4, 
A5 , and A6 are first order selectable, and A~, A2 (they 
are not first order selectable but 9b is above the av-
erage 0.0164), and A 3 are second order selectable. This 
means that although each attribute alone contributes lit-
tle but the higher order combinations of the attributes 
may contribute a lot to the classification. Higher order 
information analysis is not needed since all six attributes 
are selected. We could either simply use the second or-
der gain average over each attribute as the weights of the 
attribute or use weights proportional to the reciprocal 
of the corresponding first information gains to reduce 
the deviation of the training sample from the real dis-
tribution. For example, using the reciprocal method, 
the network generated has a classification accuracy of 
87.3%. 

6 DISCUSSION 
Although the SGNT/SGNN method was mainly devel-
oped for the purpose of unsupervised learning and the 
class information is only used to assign weights to the at-
tributes (never used in training process), Table 2 shows 
that the performance of a supervised version of SGNT is 
encouraging. It can be seen that the supervised SGNT 
reaches perfect classifications for the testing sets of both 
M1 and M 3 . This means that SGNT performs very well 
for learning even with noise presented. The informa-
tion analysis and weight assignment method improves 
the performance nearly 20% over the corresponding un-
supervised SGNT. For M2 , the improvement is not so 
impressive because no direct correlation is found be-
tween the classification and the values of the attributes. 
We conjecture that the method proposed here does not 
help much in cases such as parity problems where the 
classification is not directly correlated with the values 
of the attributes. The AQ like methods reach a better 

2Using the reciprocal of the number of attributes is a good rule 
of thumb we employ to make approximate judgment. Normally, 
second order information gains are larger than first order ones. 
We use .J-3 for first order information gains and .J., for second 
order ones 
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performance because they generated new attributes to 
reflect the number of attributes belonging to different 
classes. The BP and the like seem very good for this 
kind of problems (M2 , parity, and XOR) but require 
efforts from human experts to design the network struc-
tures (including numher of hidden units, weight decay, 
etc.) manually. 

The speed comparisons in Table 7 show again that the 
SGNT method is much faster than any other supervised 
learning methods tested. The time spent by calculat-
ing the first and second order information gains for all 
three MONK's problems are the same, 0.3 second, and 
is not included in the training time given in Table 9. 
In general, the computation amount for the second or-
der information analysis is V(N 2 

• N;,ax · n), where N, 
Nmax, and n are the number of attributes, the maximum 
number of values of the attributes, and the number of 
training examples. In the supervised version of SGNT, 
there is no training set splitting and gain recalculation 
in ID3 and the like, nor the global network updating 
in BP type neural networks. The information gains are 
only calculated once before the training phase, the class 
information is never used again during training for re-
inforcement and there is no information loss caused by 
splitting the training set. The network is only locally 
updated each time and the irrelevant attributes to the 
classification problems are ruled out prior to the train-
mg. 

It turns out that the supervised SGNT method has 
quite a few attractive features comparing with the con-
ventional neural networks and the other unsupervised 
learning techniques in conventional AI: 

1. The structure is automatically generated for the ap-
plications at hand. The performance is quite sat-
isfactory. Whenever it is difficult to determine the 
right network structure, this method may well be 
considered as an alternative to conventional neu-
ral network methods such as backpropagation for 
which the network structures have to be skillfully 
determined by human experts. Some recent work 
shows that it is possible to automatically structure 
a neural network. 

2. There is not much waste of neurons and links to 
solve the current task. Therefore, some large scale 
applications such as mushroom classification, im-
age coding, and electronic yellow pages, etc. can be 
implemented on mini/personal computers without 
difficulty. The optimization, pruning, and simplifi-
cation techniques make our method more practical 
for large scale applications. 

3. There is no delay caused by the redundant neurons 
in conventional neural nets. Only a small part of the 
SGNT hierarchical structure needs to be searched 
to find the right place to update the network, and 
no reinforcement is necessary during the training 
phase. This provides the main speed advantage over 
most other learning methods, and makes it possible 
to apply our method to real time applications. 
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The purpose of this thesis is to provide an easy-to-use tool for interface designers to design a new and exciting 
generation of user interfaces, especially application-:spedfic user interfaces which support graphics displayed 
inside windows. The described system supports non-windowised objects on the screen, arbitrary look-and-feel 
interaction techniques, rich feedback during direct manipulation of objects, and gesture input. The tool for 
designing an interface is a specification language which is used to specify declaratively the appearance, 
behaviour, and communication of objects. Although a textual specification is not convenient for describing 
graphics, it is expressive for describing the behaviour of objects, and for communication between objects. 
Because it is easily understood and learnt, people without programming knowledge are able to use it. 

Using the object-oriented paradigm, the system provides different levels of objects to fit different requirements 
of application-specific user interfaces. Apart from the features of other object-oriented user interface 
management systems, the unique feature of this system is that it treats all objects uniformly, no matter whether 
they are as simple as a line or as complex as a window. Therefore, interaction techniques can be applied 
uniformly to all objects. 

Interaction techniques in this system are abstracted at a high level in the form of "interactor" so that interactors 
are applied not only to windowised widgets such as buttons and menus, but also to non-windowised objects. 
Interactors generalise the concept of widgets by 1) separating the graphics from input handling, 2) separating 
feedback from input handling, 3) considering more human factors, 4) accepting not only window events such 
as mouse press, but also user-defined events, and 5) sending user-defined events to other objects. Therefore 
interactors can meet not only the requirements of a wide variety of look-and-feels of application-specific user 
interfaces, but also the requirements of communication between objects. 

Due to the separation of feedback from interactors, the system can not only promote code re-use, but also 
provide a wealth of feedback Feedback is defined in the forms of feedback objects. Different feedback objects 
appear at different stages during direct manipulation, and indicate different semantics of the command. Thus 
the users are offered opportunities to adjust their actions before they are committed to errors, and 
communication between the users and the system is enhanced. 

One goal of our system is to support a variety of graphical interface techniques in which users do not have the 
traditional problem of command-based interfaces, such as the syntax of commands or the modes of the system. 
Gestures are an example of interface techniques which are not command-based. Because of the extensibility 
and flexibility of our system, integrating gestures into our UIMS is very natural; a gesture is a subclass of a 
feedback object. In our system, gestures can be defined in different objects, and used with direct manipulation 
so that users can instruct the system and manipulate objects in one mouse stroke. Also, gestures can be trained 
by any user. One advantage of our gesture recognition algorithm is that it can handle curvy gestures, 
especially circular gestures. Since many letters and digits contain a circle-like component when hand-written, 
successful recognition of a circle or near-circle increases the success rate of gesture recognition. 

In our system, objects can define interactors in them; an interactor can be triggered by events, and can send 
user-defined events to other objects; these objects, in turn, can be triggered by these user-defined events. Such 
a structure can solve not only the sequential problem of an interface, but also some problems of semantic 
feedback such as semantic snapping which traditionally requires applications U involvement. 

The algorithm of event-passing deals with event-dispatching for both windowised and non-windowised 
objects. Different from other systems, event-dispatching in our system is done by individual objects, not by the 
system. Several strategies are discussed for the optimisation of the process of event-dispatching. 

The system has been implemented by using C++ (gnu g++) and Xlib (X 11 R4) on UNIX (UL TRIX V4.2A). The 
specification language is translated into C++ by using Lex and Yacc on UNIX. 
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In this thesis perfect reconstruction techniques for multi-channel multirate systems are investigated. It is 
shown here that using two allpass filters it is possible to generate a multi-channel filter bank that eliminates 
various errors caused by the analysis/ synthesis system. In particular, a technique to cancel alias and 
magnitude distortion is outlined here, and the classical two channel quadrature mirror synthesis filters is 
shown to be a special case of the proposed synthesis filter bank selection procedure outlined here. 

A new generalization of magnitude and power complementary filters to higher order systems is proposed 
here. The new scheme is shown to have superior cutoff frequency characteristics compared to the ordinary 
complementary filters. Applications of these generalized complementary filters include subband coding for 
audio and video, and sharpening of amplitude characteristics of digital filters. 

For many applications two channels are often inadequate, and for further refinement it is necessary to consider 
a three channel case consisting of a low-pass, 

a band-pass and a high-pass filter. It is shown here that by requiring the passband region to be maximally flat 
together with the power complementary condition, explicit solutions can be derived for the filter transfer 
functions in terms of certain Butterworth polynomial functions. These optimal filters so generated are shown 
to be stable and interestingly, they depend solely on the zeros of a certain polynomial that is characteristic to 
the asymptotic behavior of the band-pass gain. Further, if the bandpass gain is also required to be symmetric, 
this polynomial reduces to a real quadratic equation and implementation details as well as robustness issues of 
these filters are also discussed in this thesis. 

In the context of multirate sampling, a new technique for reconstructing bandlimited signals from their past 
sample values is presented. Through a constructive procedure, it is shown here that any bandlimited signal 
can be reconstructed from its past samples alone, provided the sampling rate is at least twice (or even slightly 
below) the minimum required Nyquist rate. 

Finally, in the context of subband coding, a new robust parametric formulation to linear predictive coding 
(LPC) is also introduced in this thesis. Instead of the usual linear prediction filter coefficients, a new scheme 
similar to the line spectral frequencies (LSF), that is insensitive to quantization is proposed here. However, in 
the present case, unlike the LSF scheme, an additional positive weighting factor gives extra freedom for 
coding. This new representation for LPC modelling is shown to be always stable under quantization. 
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Colour Correction of Spatial Image Sequences 
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Colours in spatial image sequences, obtained from the capture of panoramic scenes, often do not match from 
one image to the next. This is often due to factors such as changes in the illumination of the scene and different 
camera settings for each image. 

Although non-computer related techniques are available to address this problem, a solution involving 
computers is desired. Computers provide greater flexibility through digital imaging and have negligible 
running costs. They can also provide the lay person with the ability to manipulate photos in ways which were 
previously only available to the professional. 
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If two images overlap, a mapping can be constructed based on the colour changes between adjacent images in 
a sequence. This mapping enables an object in the first image to be converted to the colour of the same object in 
the second image. 

The mathematical technique of regression can be used to find the relationship between two sets of numbers. 
Regarding the overlap regions of an image as two sets of numbers allows the construction of a mapping using 
regression. This mapping enables the pixel values of one overlap region to be converted to the spatially 
equivalent values in the adjacent image. Once such a mapping has been constructed, it can be applied to the 
whole of the image, resulting in a colour corrected image. Different colour spaces represent colours in different 
ways. Performing the regression on the pixel values in the xyz colour space has been shown to be the most 
accurate model in the vast majority of cases. 

Using a more complex function to model the change allows a more accurate representation of the actual 
differences between the images. A polynomial with fourteen terms has been shown to model the differences 
adequately. 

Applying a mapping that was constructed from overlapping regions to non-overlapping regions can produce 
problems. Colours in the non-overlap region which are not present in the overlap region, and hence not 
modelled in the mapping, may have their colour changed significantly. This may lead to some values being out 
of the gamut. 

A method is needed that incorporates representatives from the non-overlap region into the mapping reduces 
the problem with colour shifts and out of gamut values. Representatives are selected from those pixels in the 
non-overlap region with a colour that is significantly different from the colours present in the overlap region. 
These representatives are then mapped onto themselves when regression is applied. 

While regression is non-iterative, the correction of images can be done in several steps using incremental 
regression. Using two steps, two mappings are constructed. The first mapping will correct the image to the 
average of the overlap of the two images; the second will correct from this average to the second overlap. By 
correcting both images and only taking the images corrected using the first steps, less changes are made in the 
correction. This reduces the problems with noise and colour shifts, since the magnitude of the change in the 
pixel values is less. Other techniques such as the use of sigmoid functions to transform the pixel values before 
regression is performed can reduce noise and colour shifts. 

Sequences longer than two images can also be corrected in some circumstances. More work remains to be done 
in this area, due to the unique problems associated with it. 
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Techniques for writing reverse compilers or decompilers are presented in this thesis. These techniques are 
based on compiler and optimization theory, and are applied to decompilation in a unique way; these 
techniques have never before been published. 

A decompiler is composed of several phases which are grouped into modules dependent on language or 
machine features. The front-end is a machine dependent module that parses the binary program, analyzes the 
semantics of the instructions in the program, and generates an intermediate low-level representation of the 
program, as well as a control flow graph of each subroutine. The universal decompiling machine is a language 
and machine independent module that analyzes the low-level intermediate code and transforms it into a high-
level representation available in any high-level language, and analyzes the structure of the control flow 
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graph(s) and transform them into graphs that make use of high-level control structures. Finally, the back-end 
is a target language dependent module that generates code for the target language. 

Decompilation is a process that involves the use of tools to load the binary program into memory, parse or 
disassemble such a program, and decompile or analyze the program to generate a high-level language 
program. This process benefits from compiler and library signatures to recognize particular compilers and 
library subroutines. Whenever a compiler signature is recognized in the binary program, all compiler start-up 
and library subroutines are not decompiled; in the former case, the routines are eliminated from the final target 
program and the entry point to the main program is used for the decompiler analysis, in the latter case the 
subroutines are replaced by their library name. 

The presented techniques were implemented in a prototype decompiler for the Intel i80286 architecture 
running under the DOS operating system, dcc, which produces target C programs for source .exe or .corn files. 
Sample decompiled programs, comparisons against the initial high-level language program, and an analysis of 
results is presented in Chapter 9. 

Chapter 1 gives an introduction to decompilation from a compiler point of view, Chapter 2 gives an overview 
of the history of decompilation since its appearance in the early 1960s, Chapter 3 presents the relations 
between the static binary code of the source binary program and the actions performed at run-time to 
implement the program, Chapter 4 describes the phases of the front-end module, Chapter 5 defines data 
optimization techniques to analyze the intermediate code and transform it into a higher-representation, 
Chapter 6 defines control structure transformation techniques to analyze the structure of the control flow 
graph and transform it into a graph of high-level control structures, Chapter 7 describes the back-end module, 
Chapter 8 presents the decompilation tool programs, Chapter 9 gives an overview of the implementation of 
dcc and the results obtained, and Chapter 10 gives the conclusions and future work of this research. 

The techniques presented in this thesis expand on earlier work described in the literature. Previous work in 
decompilation did not document on the interprocedural register analysis required to determine register 
arguments and register return values, the analysis required to eliminate stack-related instructions (i.e. push 
and pop), or the structuring of a generic set of control structures. Innovative work done for this research is 
described in Chapters 5, 6, and 8. Chapter 5, Sections 5.2 and 5.4 illustrate and describe nine different types of 
optimizations that transform the low-level intermediate code into a high-level representation. These 
optimizations take into account condition codes, subroutine calls (i.e. interprocedural analysis) and register 
spilling, eliminating all low-level features of the intermediate instructions (such as condition codes and 
registers) and introducing the high-level concept of expressions into the intermediate representation. Chapter 
6, Sections 6.2 and 6.6 illustrate and describe algorithms to structure different types of loops and conditiona I, 
including multi-way branch conditionals (eg. case statements). Previous work in this area has concentrated in 
the structuring of loops, few papers attempt to structure 2-way conditional branches, no work on multi-way 
conditional branches is described in the literature. This thesis presents a complete method for structuring all 
types of structures based on a predetermined, generic set of high-level control structures. A criterion for 
determining the generic set of control structures is given in Chapter 6, Section 6.4. Chapter 8 describes all 
tools used to decompile programs, the most important tool is the signature generator (Section 8.2) which is 
used to determine compiler and library signatures in architectures that have an operating system that do not 
share libraries, such as the DOS operating system. 
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This thesis is concerned with the development of a stable neural network based adaptive control scheme for 
discrete-time nonlinear systems. The scheme is based on the model reference adaptive control design 
methodology with a multi-layered neural network generating the model reference control. The neural 
adaptive control framework is developed for arguably the least analytically tractable nonlinear system, namely 
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general multi-input multi-output non-affine discrete-time dynamic systems with unknown structure. The 
relative degree and order of the system and the maximum lag in the plant input and plant output terms are the 
only a priori knowledge assumed. 

Critical to any model reference adaptive control approach is the convergence of the tracking error and the 
stability of the closed-loop system. Therefore, an enhancement is proposed to the model reference neural 
adaptive control scheme which enables the derivation of sufficient conditions to guarantee the convergence of 
the tracking error between the controlled output and the desired response. Lyapunov theory is used to 
guarantee the stability of the closed-loop system. 

Simulation studies undertaken demonstrate the effectiveness of the proposed scheme in controlling discrete-
time nonlinear systems which may consist of non-idealities such as nonminimum phase or marginally stable 
behaviours, as well as dynamic, sensor or load disturbances. The robustness of the new neural adaptive 
control scheme to dynamic variations and uncertainties is also demonstrated. The practical feasibility of the 
new approach is investigated through its application to an automobile anti-skid brake system. Despite the 
highly nonlinear and time-varying dynamics of the vehicle/brake system, the simulation study results indicate 
that the proposed neural network based anti-skid brake system can provide effective braking performance 
even under severe variations in environmental conditions. 

From the research presented in the thesis, it is concluded that the use of artificial neural networks in the 
adaptive control of nonlinear systems indicates much promise for the future. Furthermore, the results of the 
work provide a basis for the development of practical neural adaptive controllers. 
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The central issue of the thesis is the design and implementation methodologies of real-time processors for 
morphological image processing and analysis. 

Principles of binary and grey-scale morphologies and their applications are presented first. 

Subsequently, existing methods of real-time implementations of grey-scale morphology - direct technique, 
umbra transform and threshold decomposition- are discussed, and the need for a new approach is justified. 

The objective of the new approach is to reduce hardware complexity without sacrificing speed. The processor 
had to meet essential requirements of VLSI technology: regularity, local interconnections and modularity. 

All the above objectives were achieved through applying a redundant representation of image data - the 
Signed Digit Number Representation. Massive concurrency ·of morphological transformations was 
implemented via the principle of digit-level systolic arrays. 

Also developed was an efficient mapping method of the proposed architecture onto a semicustom or 
programmable VLSI technology, with mappings implemented over two consecutive steps: an arithmetic 
decomposition, followed by a logic decomposition. 

The thesis presents a novel method of arithmetic decomposition based on a combination of Signed Digit 
Number Representation, applied at word-level, and the Residue Number System, applied at digit level. Such a 
combination eliminates drawbacks of the Signed Digit Number Representation (difficult hardware 
implementation, especially for high-radix systems) and Residue Number System (difficult magnitude 
comparisons). It also offers a unified hardware architecture for a wide range of arithmetic systems, with 
radices between 3 and 53. Lengths of systems' data words are not restricted by carry propagation. A 
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comparison of this method with the set theory of arithmetic decomposition reveals a reduction of storage 
requirements for signal or image data and a higher degree of hardware uniformity. 

A subsequent mapping operation of logic decomposition applies a non-conventional representation of Boolean 
functions, based on the set partitions, plus the principle of nondisjoint decomposition of multiple-output 
Boolean functions. The new operation was found to return better results than a complex, commercially 
available CAD system. All basic circuits of the morphological processor were tested by simulation programs 
and implemented in hardware by applying Field Programmable Gate Arrays. 

Submission of theses abstracts 
If your Master by research or Doctor of Philosophy thesis has been recently passed and your work falls into a 
broad classification of "intelligent systems", within the scope of the Australian Journal of Intelligent 
Information Processing Systems, the abstract of the thesis can be published in the Abstracts of the 
Postgraduate Research Theses section of AJIIPS. Abstracts should be submitted to Dr. Dorota Kieronska, 
Department of Computer Science, Curtin University of Technology, Bentley WA 6102, Australia, tel: 09 351 
7669, fax: 09 351 2819, email: dorota@cs.curtin.edu.au, preferably as plain text files. Submissions should 
include: thesis title, author's name, department and university of where the degree was awarded as well as 
present contact address of the author. 
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3rd Pacific Conference on Computer 
Graphics and Applications 

Conference date: 21 - 24 August 1995 
Venue: SamSung Dong, South Korea 

Further information: 
Prof. Moon-Hyun Kim 
Systems Engineering Research Institute 
PO Box 1, Yuseong ku 
TaeJeon 305-600 
South Korea 
tel: +82 42 869 1001 
fax: +82 42 869 1009 
email: mhkim@serims.seri.re.kr 

International Conference on Computer 
Communications 

ICCC'95 
Conference date: 21-24 August 1995 
Venue: Seoul, Korea 

Further information: 
Seon Jong Chung 
ETRIYusong 
PO Box 106 
Taejeon 
Korea 305-606 
tel: +82 42 860 8630 
fax: +82 42 860 6465 
email: icc95@giant.etri.re.kr 

2nd Australasian Conference on 
Parallel and Real-time Computing 

PART'95 
Conference date: 27- 29 September 1995 
Venue: Perth, Australia 

Further information: 
DrM.Kumar 
School of Computing 
Curtin University of Technology 
POBoxU1987 
Perth, Western Australia 6001 
Australia 

tel: +61 9 351 3014 
fax: +61 9 351 32819 

email: kumar@cs.curtin.edu.au 
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GLOBECOM'95 
IEEE Global Telecommunications 

Conference 
Conference date: 13- 17 November 1995 
Venue: Singapore 

Further information: 
Dr Swee-Ping Yeo 
Dept of Electrical Engineering 
National University of Singapore 
10 Kent Ridge Crescent 
Singapore 0511 
tel: +65 772 2112 
fax: +65 779 1103 
email: eleyeosp@nusvm.bitnet 

Intenational Conference 
on 

Multimedia Modelling 

Conference date: 14 - 17 November 1995 
Venue: Singapore 

Further information: 
Dr Pung Hung Keng 
Department of Inf Sys & Comp Sci 
National University of Singapore 
10 Kent Ridge Crescent 
Singapore 0511 
tel: +65 772 2808 
fax: +65 779 4580 

8th Australian Joint Conference on 
Artificial Intelligence 

A/'95 
Conference date: 13 -17November 1995 
Venue: Canberra, Australia 

Further information: 
DrBobMcKay 
Department of Computer Science 
University College, University of NSW 
Australian Defence Force Academy 
Canberra, ACT 2600 
Australia 
tel: +61 6 268 8169 
fax: +61 6 268 8581 
email: rim@csadfa.cs.adfa.oz.au 
URL: http: I I walrus.adfa.oz.au I ai95 I ai95.html 
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2nd New Zealnd International Two-
Stream Conference on Artificial Neural 

Networks and Expert Systems 
ANNES'95 

Conference date: 20-23 November 1995 
Venue: Dunedin, New Zealand 

Further information: 
ANNES'95 Secretariat 
School of Information Science 
University of Otago 
PO Box 56 
Dune din 
New Zealand 

email: annes95@otago.ac.nz 

IEEE Conferences on 
Neural Neetworks (ICNN'95) 

& 
Evolutionary Computing (ICEC'95) 

Conference date: 27 November- 1 December1995 
Venue: Perth, Australia 

Further information: 
ICNN /ICEC Conference Secretariat 
CliPS 
University of Western Australia 
Nedlands, Western Australia 6907 
Australia 
tel: +61 9 380 1969 
fax: +61 9 380 1101 
email: {icnn95,ec95}@ee.uwa.edu.au 

3rd Australia New Zealand Conference on 
Intelligent Information Systems 

ANZIIS'95 
Conference date: 27 November 1995 
Venue: Perth, Australia 

Further information: 
ANZIIS'95 Conference Secretariat 
CliPS 
University of Western Australia 
Nedlands, Western Australia 6907 
Australia 
tel: +61 9 380 1969 
fax: +61 9 380 1101 
email: anziis95@ee.uwa.edu.au 
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Sixth Annual International Symposium 
on 

Algorithms and Computation 
Conference date: 4 - 6 December 1995 
Venue: Cairns, Australia 

Further information: 
DrBobCohen 
Department of Computer Science 
University of Newcastle 
University Drive 
Callaghan, NSW 2308 
Australia 
tel: +61 049 21 5291 
fax: +61 049 21 6929 
email: isaac95@cs.newcastle.edu.au 

Digital Imaging Computing Techniques 
and Applications 

DICTA'95 
Conference date: 6 - 8 December 1995 
Venue: Brisbane, Australia 

Further information: 
Ross Walker 
Publicity Officer, DICTA'95 
c/- Dept of Electrical & Computer Engineering 
University of Queensland 
QLD4072 
Australia 
email: dicta95@cssip.elec. uq.oz.au 

URL: 
htto ://www .cssio.elec. uQ .oz.au/ -walker/dicta95 .h tml 

Australian Telecommunication Networks 
& Applications Conference 

ATNAC'95 
Conference date: 11 - 13 December 1995 
Venue: Sydney, Australia 

Further information: 
Maureen Kemp 
Office of Continuing Education 
Monash University 
Clayton, VIC 3168 
Australia 
tel: +61 3 9905 1340 
fax: +61 3 9905 1343 
email: maureen.kemp@ladm.monash.edu.au 
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International Discourse on Fuzzy Logic 
and the Management of Complexity 

FLAMOC'96 
Conference date: 15 - 18 January 1996 
Venue: Sydney, Australia 

Deadlines: 

Ext. abstract submission 31 July 1995 
Notification of acceptance 15 September 1995 
Final version due 15 November 1995 

Further information: 
Dr Vladimir Dimitrov 
School of Social Ecology 
UWS- Hawkesbury 
Richmond, NSW 2753 
Australia 
tel: +61 47 761514 
fax: +61 45 701901 
email: v .dimitrov@uws.edu.au 

19th Australasian Computer Science 
Conference 
ACSC'96 

Conference date: 29 January- 2 February 1996 

Venue: Melbourne, Australia 

Deadlines: 
Paper submission 
Notification of acceptance 
Final version due 

Further information: 
ACSC'96 

15 August 1995 
1 November 1995 

24 November 1995 

Department of Computer Science 
University of Melbourne 
Parkville, VIC 3052 
Australia 
email: acsc96@cs.mu.oz.au 
URL: http: I I www .cs.mu.oz.au I conferences96 I 

Submission of calendar entries 

Computing: The Australasian Theory 
Symposium 
CATS'96 

Conference date: 29 -30 January 1996 
Venue: Melbourne, Australia 

Deadlines: 
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Paper submission 
Notification of acceptance 
Final version due 

29 August 1995 
1 November 1995 

24 November 1995 
Further information: 

CATS'96 
Department of Computer Science 
University of Newcastle 
University Drive 
Callaghan, NSW 2308 
Australia 
email: cats96@cs.mu.oz.au 
URL: ht!E_:I lwww.cs.mu.oz.aulconferences961 

7th Australasian Database Conference 
ADC'96 

Conference date: 29- 30 January 1996 

Venue: Melbourne, Australia 

Deadlines: 

Paper submission 
Notification of acceptance 
Final version due 

Further information: 
ADC'96 

29 August 1995 
1 November 1995 

24 November 1995 

Department of Computing & Information Tech 
Griffith University 
Nathan, QLD 4111 
Australia 
email: adc96@cs.mu.oz.au 
URL: http: I I www.cs.mu.oz.aul conferences96 I 

Calendar entries are published free of charge. Information about conferences, including full name, dates 
(submission dates, notification of acceptance, final version and the actual event dates) together with the contact 
address should be sent to Dr. Dorota Kieronska, Department of Computer Science, Curtin University of 
Technology, Bentley WA 6102, Australia, tel: 09 351 7669, fax: 09 351 2819, email: dorota@cs.curtin.edu.au, 
preferably as plain text files. 

Advertisements 
For details on half-page and full-page advertisements please contact Dr Kieronska at the above address. 
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Call for Participation 
An All Time First 

IEEE ICNN'95 and IEEE ICEC'95 
in 

AUSTRALIA 
IEEE International Conference on Neural Networks 

27 November - 1 December 
Tutorials: 26 November 

IEEE International Conference on Evolutionary 
Computing 

29 November - 1 December 
Tutorials: 28 November 

Perth, Western Australia 
Sponsored by IEEE Neural Networks Council 

The IEEE International Conference on Neural Networks and the IEEE International Conference on Evolutionary 
Computing will be held in Perth, Western Australia. The conferences will cover a wide range of topics on 
theory and applications of Neural Networks, Evolutionary Computing and Genetic Algorithms. Oral 
presentations of research and applied papers will be accompanied by poster papers and a technical exhibition. 
The following topics include main areas covered by the conferences: 

Applications ofNNs Neurobiology 
Architectures N eurocognition 
Artificially Intelligent NNs Neurodynamics 
Associative Memory Optimization 
Computational Intelligence Pattern Recognition 
Cognitive Science Prediction 
Filtering Robotics 
Fuzzy Neural Systems Sensation and Perception 
Hybrid Systems Sensorimotor Systems 
Image Processing Speech, Hearing and Language 
Intelligent Control System Identification 
Learning and Memory Supervised/Unsupervised 
Machine Vision Learning 
Motion Analysis Time Series Analysis 

Theory ofEC 
Applications of EC 
Efficiency /Robustness Comparison 

with Other Direct Search 
Mechanisms 

Parallel Computer Implementations 
Artificial Life 
Evolutionary Algorithms for 

Computational Intelligence 
Machine Learning Applications 
EC for Neural Networks 
Fuzzy Logic in Evolutionary 

Algorithms 

The early registration is due by 25 August 1995 for authors, and by 15 September 1995 for other delegates. 
Registration brochures and advanced program will be available from the address below by 10 July 1995. 

For further information on ICNN'95 and ICEC'95 please contact: 
Conference Secretariat 
Centre for Intelligent Information Processing Systems 
The University of Western Australia 
Nedlands, WA 6907, Australia 
tel: +61-9-380-1969 fax: +61-9-380-1101 
icnn95@ee.uwa.edu.au or ec95@ee.uwa.edu.au 
URL: http://ciips.ee.uwa.edu.au/-dorota/icnn95.hbnl 
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ANZIIS-95 will be held in conjunction with major IEEE conferences on Neural Networks (ICNN'95, 27 
November- 1 December 1995) and Evolutionary Computing (ICEC'95 29 November- 1 December 1995). 
Consequently, the following list of suggested topics excludes these two areas: 

Adaptive Systems 

Artificial Intelligence 

Cognitive Science 

Fuzzy Systems 

Intelligent Databases 

Knowledge Engineering 

Machine Vision 

Pattern Recognition 

Learning Algorithms 

Memory 

Robotics 

Sensor Technology 

Speech Processing 

Virtual Reality 

Visual Information Processing 

The early registration is due by 25 August 1995 for authors, and by 15 September 1995 for other delegates. 
Registration brochures and advanced program will be available from the address below by 10 July 1995. 

For further information on ICNN'95 and ICEC'95 please contact: 
Conference Secretariat 
Centre for Intelligent Information Processing Systems 
The University of Western Australia 
Nedlands, WA 6907 
Australia 
tel: +61-9-380-1969 
fax: +61-9-380-1101 
anziis95@ee.uwa.edu.au 
URL: http://ciips.ee.uwa.edu.au/anziis95.html 
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Australian Journal of Intelligent Information Processing 
Systems 

INFORMATION FOR AUTHORS 

Australian Journal of Intelligent Information Processing Systems (AJIIPS) is published quarterly. The aim of 
AJIIPS is to publish papers describing theory, methods and techniques, applications and tutorial presentations 
in a range of areas relating to computer engineering and computer science. AJIIPS publishes full papers, short 
notes and survey articles. Specific areas include but are not limited to: Artificial Intelligence, Artificial Neural 
Networks, Computer Science, Fuzzy System and Virtual Reality. 

All submitted papers will be thoroughly reviewed by three international reviewers. Decision as to the 
suitability of the paper will be made by the Editor in Charge on the basis of the reviewers' comments. 

Papers should be clearly presented, consistent with giving proper description of the primary contribution. 
Theory papers should be based on clear, formal foundations; methods and techniques papers should indicate 
the novelty and advantage of the technique; application papers should present appropriate results and 
evaluation of performance; tutorial papers should be clearly presented to a reader with a general background 
in all areas of interest but no prior background in the specific topic. 

Submission of technical papers 

Manuscripts must be written in English. The papers should be original work, not appearing in any other 
journal, although extended versions of conference papers may be considered. The authors are expected to 
obtain all relevant copyright releases for any copyrighted material included in their paper. The authors have 
to transfer copyright to their articles to AJIIPS when the articles are accepted for publication. 

Potential authors should send to the Editor in Chief 4 (four) copies of the complete manuscript. The paper, 
including an abstract, should not exceed 20 pages. double-spaced, in Times 10 point font. To allow for 
anonymous refereeing, a separate page should be included containing the authors' names, affiliations, 
including email address, manuscript's title and the abstract. Authors' names and affiliations should not 
appear on the manuscript. Submissions by more than one author should indicate the author to whom the 
correspondence will be addressed. Each paper must start with an abstract, no more than 200 words, that 
summarises its content. Immediately following the abstract no more than 5 key words should be supplied for 
subject indexing. The key words should represent the content of the whole article and be characteristic of the 
terminology used within the particular field of study. 

There will be no page charges for published papers. The author will receive two complimentary copies of the 
issue. 

Cover design by Jill Smith, Artist-in-residence, Department of Computer Science, Curtin University of 
Technology, Perth, Western Australia. 
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Manuscript preparation 

At the time of acceptance, the authors will be requested to provide a technical biography and a photograph of 
each author of the paper (except for Short Notes). The final, camera-ready document should conform to the 
presentation standard set out below. The first page should include the title in Helvetica, 18 point, bold, and 
authors' names and affiliation in Times, 12 point, bold and italics (a sample page can be obtained from the 
address below). 

Submissions, in camera-ready form, should conform to the following rules: 

1) laser-printer quality on one side of A4 paper with margins: left and right- 1.8 cm, top- 2.3 cm, bottom- 1.8 
cm. 

2) text should be in Times Roman, 10 point font, in two column layout with 0.63 cm gap 

3) headings should be left-justified and use Helvetica font varying as follows: 

1 Level One Heading- 14 point bold 

1.1 Level Two Heading- 12 point bold 

1.1.1 Level Three Heading- 10 point bold 

1.1.1.1 Level Four Heading- 10 point italics 

4) A short abstract should be provided, 100- 200 words, in one column, 10 point Times Roman font, in italics, 
with the abstract keywords in bold. Note that short papers (or short notes) require a shorter abstract of up to 
50 words. 

5) Footnotes should be numbered and should appear, in 9 point Times Roman font, at the bottom of respective 
columns. 

6) Standard abbreviations should be used if possible, and nonstandard abbreviations must be defined before 
being used. All units of measurement should be metric. 

7) Originals for illustrations should be dear and of good quality. Figures should use centred captions in 10 
point Times Roman font, with the words Figure 1 in bold (see sample page). Tables should be numbered using 
upper case Roman numerals, with the table heading (in the same format as for figures) appearing below the 
table. 

8) References should appear as the last section at the end of the paper. They should be sorted by author, and 
numbered with Arabic numerals in square brackets [1] - see the sample page. 

Style for papers: author(s)- surname separated by a comma, followed by the initials, title (between double 
quotes), journal title, volume, inclusive page numbers, month and year. 

Style for books: author(s), title, location, publisher, year, chapter or page numbers (as appropriate). 

For further information please contact: 
Professor Yianni Attikiouzel 
Department of Electrical and Electronic Engineering 
The University of Western Australia 
Nedlands, WA 6907 
Australia 

tel: 09 380 3134 
fax: 09 380 1104 
email: yianni@ee.uwa.edu.au or ajiips@cs.curtin.edu.au 
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